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o print (s)

<>

URL.: https://colab.research.google.cz)m/
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ocore [0.9827020168304443, Lahel lab _coat

Score 0.0030872616916894913, Lahel syringe
aocore U.00Z24311079178005457, Label beaker
socore U.001600922 7750450373, Label stethoscope
score 0.00037950885598547757, Label plate
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X 5 DDIERMH (top 5) MF RS
NTLB

15



LL

@ YPAARRL

car

person

icycle

NOF42DORYIR,
SNV 2D

INDO>FT A4 DRV IR,

Y)ire

H

O/ INDY IR (

T




B tIA>FT— T3>

|

INNZEBDIZLEETED
17



[BUSRIERFDF IRIBEEE

@ EHROE
[fAlhE 0] ZIER } byl
person
Q@ Wik
9P & A S HIBAR

EIAFT—ST>
B ZREE{\] CIPAR




BRI FADIEE DA L

c A —TT—Z2PDERE

- BN, BSICKDOTIE, Al
DRABEASORE StE25

LI p -~ ~
| RS | - 3
\ |— —
GT: art GT: forklift
1: horse cart 1: birdhouse 1: forklift
2: minibus 2: sliding door 2: garbage truck ny —
3: oxcart 3: window screen 3: tow truck
4: stretcher 4: mailbox 4: trailer truck L_
5: pot 5: go-kart
-
e
4
B a7

5: half track

IB{RIDFEDER D ZK (top 5 error)
Al 5.1 %
PReLU ICKDEHEDEE: 4.9 %

ImageNet 7 —X &y b (20154FFHR)
D ER D FEDFER

3 H#k: Kaiming He, Xiangyu Zhang, Shaoging Ren, Jian Sun,
Delving Deep into Rectifiers: Surpassing Human-Level Performance on ImageNet Classification
arXiv:1502.01852, 2015. 19



CCEXRCTCOERED

EIEEEN DR A T

- EHRD A

[N ] ZIEER, EREE [NV &EUTHRA!
 PEIRH

YIMROOIEFA, P, KE = =IEfE,

c BIOAFT—23>

B 3R B AT CIRAR,




5-3. [EfRT —F DL

21



CIEReCIE=

ZENENORFHEER

22



CIEROY =

732
|

— [k

= L BOEHK

23



RREER TO— RME

[E{RDIEE DB

HZE: 2 = 0,
gL\ RE = 1,
HH%L\W@ — 2/
H = 3
DXDICO—E
=g HEEN 4 BRfEDIHE -
0 1 2 3
HEOO

&: 8



I;/(\i'ﬁ) &y, G (%) , B (B) D TERXD
1=

R (I~) B G (F%) Ao B (B) o
B3RC &(C B3=C &IC H3RC &I
1 DDOEE 1 DOFYE 1 DOFYE

INCHHET, BRI E(C3 DDOHYE

25



[FEYVORX]
Hh5—E&
LIE
il

26



@ Google Colaboratory MD/RX—=7% i < {

Fralibese Aok

https://colab.research.gooqgle.com/drive/1MMhIrh08-0ByQq-
UlJITdDVwMe6bdyUcaqg?usp=drive link

(COR—>(F, EHE 1, 2 CERAT D)

@ RICDWT., O S LRV ERITERENEH N TN
D xR, FSEHTHRKLSGED,

1. BS—E&ROEZR

v 1. AS—EROESE
(T055 LOEHR)
image_data (33x3E 2)LOHS —BHF U EDT. REBER TENMEESNTNET.
BEDE (x, y) DEROEEET B/2H000— RERLTVET,

v @ tH>—EROERS REBHER)
# B IBEVELDHS—ER
image_data = [
[(255. 0, 0), (0, 255, 0). (0, 0, 255)],
[(0, 255, 255), (255, 0, 255), (255, 255, 01,
(128, 128, 128), (64, 64, 64), (32, 32, 32)]
1

# HEDEROEZNME

x, y=1,1

pixel_color = image_dataly][x]

print (f"Pixel color at ({x}, {y}): [pixel_color]”)

[3 Pixel color at (1, 1): (255, 0, 255) % 2 ;


https://colab.research.google.com/drive/1MMhlrh08-0Byq-U1JlTdDVwMe6dyUcaq?usp=drive_link
https://colab.research.google.com/drive/1MMhlrh08-0Byq-U1JlTdDVwMe6dyUcaq?usp=drive_link

5.

g }_JESJ Dialebuse Lok,
B8 : BeH(C/RD TULDBEHRT —HFICDULT., S EDMNEDEZEDE A
B89 3 hE=F. IBREEDHDIE,

B BIRRD (x,y) ONEDEZRZISU T, HIFHEDTHIDHRL
CTHELD

ARSI

X,y=2,2 § BROEROS FRE
. —_ — X, y=2, 2
G)Ctg(j:/ﬂd)d:j (g%ﬂ‘\éﬂé pixel_color = image_dataly][x]

print (f"Pixel color at ({x}, {y}): {pixel_color}™)

Pixel color at (2, 2): (32, 32, 32)

Pixel color at (2, 2): (32, 32, 32)
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« BHIAH_1—TIV2RY FTJ—2 (CNN) (JEMKIBAZ M
ROP I LUTETA —TS—=2P0 D—F&,

 CNNIZEICEBIHAHE. T—U>JE. 8B 3 EME
GE) NS 3BIELNDODETEZEHD

- BIIAHE  BBROBFANIISHEEBRADCHDE., 15
#E. BEFENOSEERINY—0EE (fl: TvS, 0
AF¥7)

c T—UDJE  HHY I OHA X &N T DIzHDE.
BEHELE, STEEZR L

e 2EAE a1 —0O>haoEDIRTh-_1—0O0>&
Eireniclg, g AAEET - > JdEZEmEBUTEED
T E(C, EHRODFEEEEITD
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U\IERE « tEEZFEIE T DIHT

B HE

DIRIR -

L

I X
T —> 3V

B

B e e e e e e e

Score 0. 982?020158304443 Label lab_coat

Score 0.0030872616916894913, Label svringe
score 0.0024311079178005457, Label heaker
score 0.0016609227750450373, Label stethoscope
Score 0.00037950885588547757, Label plate
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0X1 1X0 0xX1 1x1 0X0 0x1 1X1 1X0 1X1
1 {0 |1 1 10 |1 1 10 |1

1xX1 0X0 1X1 0X1 0X0 0X1 1X1 1X0 0X1

1 | 0 1 1 | O 1
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BEROEFHAFH

Input Filter / Kernel
O 1 1 0 1 1 O 1
O 1 1 0 1 1 1 1
O 1 1 0 1 0 0 1

Hh—>xJ) (3 X3<TXR)

JCHEER (5 X 5 < X)

i https://serokell.io/blog/introduction-to-convolutional-neural-networks
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_ 3 X3ITX

TCER (5 X b vX) ( ) Y LSS & — LD

BNTE D GET

0X1 1X0 1X1
[ —— 0X1 1X1 1X1
0X0 1X0 1X1

Biha (NP EHAHRER)
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H—xNERILYAX
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ol 1|1 ]|0]1 1111 4
o1 |1 |01 olol 1
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(3 X3<%XR) 0X1 1X0 1X1
JTCHEER (b Xb5<TX) 0X1 1X1 1x1
/OXO 1X0 1X1
4 3
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of| 1|1 [fo 1\1x1 1X0 0X1
1X1 1X1 0X1 T HIAHFER
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@ Google Colaboratory MD/RX—=7% i < {

Fralibese Aok

https://colab.research.gooqgle.com/drive/1MMhIrh08-0ByQq-

UlJITdDVwMe6bdyUcaqg?usp=drive link

(CONR—>(F, HE 1, 2 TEHT D)

@ RICDWT., TJOU S LAP0ERBADETHEREMNMEH N TLY
B MR, FSETEKLSEHED.

2. BHAH
3. —{a@E{& (EZF={Eh

© x=0 10100 1110
k=0, 0 1]
y=100 0 0 0 0 0 0 0

0, 1Dd) DEHiAG

k=t 1 0,1
01101

0] = x[0] = k[0] + x[1] * k[1] + x[2] * k[2]
17 = x[1] * k[0] + x[2] * k[1] + x[3] * k[2]
2] = x[2] *
3] = x[3] *

k
k[0] + x[3] * k[1] + x[4] * k[2]
k
4] = x[4] * k
k
k
k

0] + x[4] * k[1] + x[5] * k([2]
01 + x[5] * k[1]1 + x[6] * k[2]
01 + x[6] * k[1] + x[7] * k[2]
01 + x[7] * k[1] + x[8] * k[2]
0] + x[8] * k[1] + x[9] * k[2]

5] = x[5] *
6] = x[6] *
y[7] = x[7] *

print (y)

Y:2,:: m._z 0
1121(2] = somv @, 2

[ 00 201 11 2 1 46
[[4. 3. 58], [4 3 5l [4 3 51



https://colab.research.google.com/drive/1MMhlrh08-0Byq-U1JlTdDVwMe6dyUcaq?usp=drive_link
https://colab.research.google.com/drive/1MMhlrh08-0Byq-U1JlTdDVwMe6dyUcaq?usp=drive_link
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fREH 14,6, 4,1, 1, 3, 4, 3]
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@ [Animated All DY MNMZT7IOTEXRID {

Falibuse Lok

https://animatedai.github.io/

QYA hTlE, cFXFRZ1—JIbRY NO—DDF

IWAVUXLDERER SN TS

® kwFdD [The Basic Algorithm] (&, B#AIET 77— A —

>3 CxrUTULD,

« TTT A EN—FILIE3RTTHD

« BHIAHDIHEA L. BIUVBOEZZ1—0O2(FIANT. H
—DH—RIN B

y h—FiE
” £ET 8 H
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7 —1>2%45TS Max Pooling [&

. 2 RFTDT—H DFREIN
(51) X 100 x 100 = 50 X 50 DKLDIC
TEMIBANDERZ, 1DIlcEEHS.
« ZHEDMHRTII/R0N
- Max Pooling (&, §id/M2(C, SEEIADRXIENIESD

| .4,8,7,1 DEKXIEIL 4
> 8 1 s il |l - 14,8,7,1] M4a< X
2 2|6 2|8 4 :> ol .l K o, RAIED 8 ZiE .S,
3 2|1 2|1 8 3 (3|8
1 1)1 3|6 1 R

HH E2: https://github.com/jeffheaton/t81_558_deep_learning/blob/084023876b6cf09c931b452584dbd44c563 14303/t81_558_c|ass_06_2_cnn.ipyr%
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CNN Explainer

* CNN Explainer =3 —=J7T#}KZ Polo Club
s EHAHEBREDHAZES A TILICERC E
WCTE3d3H51

Web SOYHYTIR®D URL ZHI<
https://poloclub.github.io/cnn-explainer/
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@ Za1—3TI)L=xRwY NIJ—=2TDrERk
BEHAFEBEET VU DBEEESD

conv relu conv relu max_pool convrelu conv relu max_pool
BHRAKE BIAKE T—U B BIAKE BHIALE T— B
\ conv |[TEHIAME T, max_pool 7 —1 > &

e e o -
Blue \ \ \ h\: h\; A » 5 N " ~ I
) L 1 ™2 =3
+ROE  SROE  LROE  AROE
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@ HTEEEHR=ZIIY D
— BHAHGDFMZ 7 —_A—> 3> THRTESD

CNN EXPLAINER Learn Convolutional Neural Network (CNNJ in your browser!
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® BHAFDIRF NI ZA—23 2 TRRSND

Convolution
Input (64, 64) Output (62, 62)

{ﬁj Hover over the matrices to change kernel position,

%@@@Fk?“fﬁtzl?bkﬁmCé%
(WAWA T &S, FEEOBEENRBEZBEY
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