CNN

A IFFEIRT Network BIZRH3i& 1T, 85— Network ZBHIHIEHZE Convolutional B9 Neural Network, B9
HEEE CNN, EES| W AESME I, BREEET CNN XAMIIZ, e ARENENetwork B928K), ERgHE
HEERERAR L R A ERR LT Network AYZRH, aTLALERAI TRY Network EERMISELT.

Image Classification

B RBEHIGIFRIRF/GE XA BN EMF GRS K thplRE 2 —IKE F, CERRERXGKE HEH
B EERIRI AR EEHE

AR RARIHT B X 1S I TR EE B D BE R SR N E AN EE
B B4Alski TR ARIE A/ EBE 100 x 100 HIRATEE SRS Deep Learning EAIXEH
Popular, B T HERE R BE IR, — MEEHNBIRS A B E— A

j _’m_b y'

100 x 100

(All the images to be classified have the
same size.)

ERAsEE BN MEARZREE R ERIES RN B KA EES

SKERRNES I BRI GIHRRFNIES A Z IBFFEE R #B5% Rescale A N—# BEZIRGRAIH
RRGHEH,

MR HAOZ 2RV, A MR BirE D X ATLARNSBE— 125, F=B— One-Hot 19
Vector, FAIBRFAUM ¥

dog |0
cat | 1

tree 0

—~

y

7EIXA™ One-Hot Ay Vector 18 RIREAJIEZRI R —MEAE, ABEFAYIRIAY Dimension, BAIEIERE 1,
EL{thR94<FGFRYIAY Dimension RYEEFRZ O

ARiX4> Dimension BHKEFRVRE T MIMEANEE I LAHRHZ L ARMSENERR MRTHE2NKER
2000, FAFRFIRIXAMESRL, AT LAFHREH 2000 FARIBARE A5 KL BRRRIFASHER R S, T LAFHR N
1000 LA EBYRAE EZER ERFFARR Object BBINERYRS KB RIRISGHHRER, © I LAFHR LB
Object, BMRAY Label BieR— LH % #E R EHRY One-Hot Vector
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0.2 dog | 0
0.7 cat [ 1
0.1 tree | ()

~ — y ‘ IIIIIIII ’ y
Cross
entropy

> 100 x 100

(All the images to be classified have the

same size.)
BAVEEIRYE @Y Softmax LU BIHE v SREFAFE v F1ylY Cross Entropy #/\iliF, 52 FRAIER
= EEIE— KRR H I — MEBRYEA
HIEXIH—™ Machine ki, —3kE R HHSE2— =449 Tensor

3 channels

100 x 100
WNRAFE Tensor 2HERNE FHER T RER KL 2 BIFEFFRRE Tensor JEIEE 4 BB 404 LAY BT
T HERYRERE (RRLAUE Tensor

—iKE R EE— =4/ Tensor Hh—4ERKRE R VB B/ —ERRE RS A5 —ERERE R/
Channel gY%18

—KEERNER SXEE— Pixel #ZEM R G B = EEGFTEMAYATLUX =" Channel Hif{zRT RGB =
MR ABRIRE AR TS RIXKE H AT E AFRXKE H2EHBR) Pixel BRIGHATEE

B TREA A X — N =409 TensorfiiE, BRILAEZS—4 Network #EET

2 BRAR LR IFTHAY Network, ERVBIANESCE ZE—NAE AT R EEBIC—KE R Tl — N E K
MPATLIEESMZE Network BRI (B2 EEEXN=4ER) Tensor Zp— M RER BPRETHITIEHE
EffEHE



Image Classification

3 channels 100 x 100

100 x 100

100 x 100

value represents intensity

—/N=HEH Tensor BEAJLANEER

EXNMIFEEA 100 x 100x3 NE DXL =EE
YE%& Network AU

XM EEE F—HEEEFINSIE HLMER—1 PixelXR—/ M EEBHNREE 5 Pixel BRGB =1
PREFTER

iy

HEHER—HE R — T ERNEE X REALL

XANAER A TTLUEE X ME— Network BB, BBEMNZIERIALL R T Fully Connected
Network,5F WIRFKAHERE M Network AN, (] Input 1IXiH Feature Vector, BEAIKERZE 100 x
100%3

Fully Connected Network

100 x 100 Yi—oouuuoo o [ — .

N .

I ——m——m—m™™—  ’,  — e

100 x 100 x 3 1000

100 x 100

100 x 100

JEFE AT Vector BMRISEATHIER, 55—EH Neuron F9%(BH 1000 N IMREEHE—TXHE—R &
HEZ /D Weight 15

18— Neuron, BERMANBEENE— M EE BB Weight FRLANEREARIRERKERZ 100 X
100%3,75 1000 4™ Neuron, BBEAITIIES—ERY Weight, 78 1000x100 x 100x3, 72 3x10 B9 7 K75



Fully Connected Network

100 x 100 Xi & N

»x,- ......

Xy > rnene

100 x 100 x 3 1000

100 x 100

100 x 100

Do we really need “fully connected”
in image processing?

B IFEEXIVEE ARNRS LSS E HERRIARE

BAMESERIENN, B TR LIS IMEELAEEME, FA T LS E Y80, (B2 1HIBINT Overfitting BIX
&, B ERNUERLA3E M, B Overfitting (EEFEAR, MBARETEThttps://speech.ee.ntu.edu.tw/~hyle
e/ml/ml2021-course-data/W14 PAC-introduction.pdf&M\EE L 5 RKSRAEE iERZAIERR, BREA IXB R
HES L ANSRASEL RIS, BUES 53 Overfitting

ABEA VBB D EMS G HRANRT R B R R ERIX SIS EE

BRE R G PPRX NS A S, LI HA—ESZE Fully Connected X455 K IHLAFTES
— Neuron, iR InputfJ&E—> Dimension &H—1 Weight

SR & FRMENFGHHRIX N AR WGBSR — LR

Observation 1
AR WG RIX N =, R E E EEIXaKE E B E A — S XA NS BE
EEIR

WIF—NEASHRRINE ST S — MASHFERAY Neuron, 33— N GHHRR S E MR EEAEET S, B
ERIHROUR DX GKE A8, A2 E WPl — 45 5IEERT Pattern

Identifying some critical patterns

Perhaps human also identify birds in a similar way ... ©

IR GNSRBE

o BHHE—/ Neuron , BEEZIZIEIX) Pattern
o BEA Neuron Xii, EEZIRIBIXA Pattern
o XBEA Neuron i, EBEISTUXA Pattern

WIFERXLE Pattern LZRERREHMATIR HAIER T —E5 KXHENM B LSRR AAEE TiXL
Pattern, FRLABEEI T —ES


https://speech.ee.ntu.edu.tw/~hylee/ml/ml2021-course-data/W14_PAC-introduction.pdf
af://n37

LIRS TEN, B Pattern AERECEME XA FBIFELBRER BIRMFEEE ARFERERAR
HREEFRE-KBRPREEE—ESIE,

BHIFOX— M F AREIREIRBEER, AR  ERRIE?

RIRBEEERTHR

e IS

B R R

https://www.dcard.tw/f/funny/p/233833012
FEXDBE—1 5K XI5 — M RE SEitE— 1518
BEHE
NRFER R —E SRIE BMRMALZI NER 7 A RXE—8H

FTUAESER B R A Fel AT — MR A B MR EEAUH AR ERIX SIS (RMRERH
TG RER T R 33tk Rt R — ME R A R P E (YRS

SLR—EMH

{BEERIZEAIIER Neuron MAIETE ELH 2F MR IESIREEM Pattern HIL I IFRIIHAEES
—/ Neuron#EF—IKEENE R

Obse rvation ]_ A neuron does not have to
see the whole image.

Need to see the |hput
whole image?

basic advanced
detector detector

Some patterns are much smaller than the whole image.
ERIX—LEER] Pattern, LIRS LUATRARES LLAMR S T H A B EE R IKTREAIE T REiE S EIX L
&,
FRLAXLE Neuron tBIFIRABMATE IEEKE HF HFRA B RESEIEA R Y— 3 HEMN BELAL
iR LEASRIXER PatternBIZBHIN Y

IR — R RN ER A THAT A — et SR
Simplification 1

£ NN #BEAE—MNXEFIHE FAISIRE— M XIEIUH Receptive Field 8—4* Neuron FRXLESH
Receptive Field {EEAEFIERIF T


af://n63

HHIk (REFERX N EBAY Neuron, ERYSTESEERZIX— Receptive Field BBX> Receptive
Field ##EA 3x3x3 NMYE ARXIIEEAY Neuron Kif, ERFEXR DX —MINEEHE 7 ABEESEKE
REEBHERA

/XA Neuron,/EEEEEIXAN Receptive Field 18,5588 A EHERENEIER

@_.

f f | I |

. [ [ | | 1
RECEF;::;Z 1J1o]olofo]1
1lol1lofol1]0
Jolol1]1]0]0
Hl1/ololol1]0
Hlol1lolol1]0
Hlolol1lol1]0

EEMNEERE

o {BIX 3x3x3 NHUERIE T —MER 3x3x3 tEHlE 27 £HHE, BIEX 27 £RRE(FAXD
Neuron BY%i

e X/ Neuron £%5 27 #MEER,B—4 Dimension —4* Weight,FrLliX/ Neuron & 3x3x3 274
Weight,

e ML Bias SEAVHH, X MaHBIELS T—/ZRY Neuron HERIA,

3x3x3
weights

Simplification 1

3x3
—p
........................ »
bias
Receptive 110lololol1 3x3
field |||

10(1(0|J0|1|0
NJo|0|1|1]|0]|0
L11/0(0|0|1|0 3x3§
Joj1(0/011|0
o0|0|1 /0|10

FRLAE— Neuron, BER#[EH 2HY Receptive Field, BBiX Receptive Field Z/EERE L LR, BIXNFRE
L= [=Ng

3 x 3 x 3 weights @
the same
R E— [ — receptive field
eceptive || e
{1/ 0[0|J0|0|1 { )
field _J
L{o|1]o0]o]1]0] )
Nojoj1]1]o]|o0 -\fﬁ
ll1]olofo|1]0 L 4
- Can be
e R I B overlapped
ololzlol2]o| >\ I



o (REJLARKIABNEER Neuron, ERME A EAXINEEIXZEER] Receptive Field

o BHNBERI—NEEH Neuron, EEEA TAIXA 3x3x3 {TE

* 7B Receptive Field {Fithz (BB RILAREER) LLANGIRIEE— Receptive Field JPXMEFEREE
89 Neuron BF &R CiRIEENREENEE —LEESNTE

o IMFEZECTLAFANAFERY Neuron, BiiIFEEIISEEZE—H, BiF— 1SBEEE— Neuron 3k<F
B ARZEMNECTNRIBR Pattern, FTLARANSEEIRI LAB ZNAREARY Neuron, FTLAEAN Receptive Field,
ElIEZ

A PRARF I FHAEER RIS STV S HRYRIE ZIkiR,

¢ Can different neurons have

. . - . different sizes of receptive field?
Simplification 1 .

Cover only some channels?

* Not square receptive field?

3 x 3 x 3 weights @
the same
R E— [ — receptive field
eceptive |
g [HLl0j0]jojoj1 L[j'_
1 1o0j1|0|l0|1]|0 N
dofola]a]o]o] ™S 1
Tl1|lololol1]o f canb
L |_Canbe
I I overlapped
ooz lol2lo] ™\ Ya

o BBFEAIAEILA Receptive Field BXBNE?E AR Pattern BRILLE/N BRILLER K, BHI Pattern
YFE 3%3 BSBEIN, BT LA T Sk, AR Pattern HiFE 11x11 BSBE, A Bl H3k, AT LA X MNE
EEIELT

o FTAAILA Receptive Field, REEELE Channel IR,/ IXDERFREAIAY Receptive Field 2 RG B
=4 Channel &% & (BHIFELE Pattern, REELLEAY Channel SHIL BIFELE Pattern, REIEEM
Channel £ I, o] AT LABEI Neuron REE—/ Channel I8? TJLLEsLZ EEiHE] Network
CompressionfIATE, SHHEIXF Network FIZEHE,7£—H/E CNN EEIRAEXFEFIE S EREXETF
BIEE

o BB AZIANRIXIORY Receptive Field, BiEEREIES A ARRIAZRIGF4EE,3%3 11x11 tHEBRIES
89, 8T AT LARIKARZ? LA AILARKATR, X2 2(RE 2ikitHY, Receptive Field 2IRE2ENX
B9 AR T MR RISXNEIRRAV IR, RE(R TS Receptive Field ROZEAK BT

o {REJEESIN Receptive Field —EZAREN? FHATIATLURE— Neuron, BHJ Receptive Field FiE
FENAE ARG LA, Bie bl BRIFTMERERMTEREXEMIK SASBMHE Pattern 2%,
tBEE—NERNE ARG THAAREREN EESE RISBRIE XM Receptive Field Figt
FEF FA1JZ ATLA Receptive Field #B2, — MBZEAIGUE, A2 ImEEMTN— Pattern BBiX™
Pattern, EFHIIEENE R ERNE—MIE MAEHI, AR ki LEks, HIEE R EAYAR
BAYRIE FTLA Receptive Field g B8 E1E, BE NIV EEEAITIT

HISRARRFEIRIHREFIEAY Receptive Field, ZARRTRISEINIIDE B L 2rILIM, XHMERETREN
Simplification 1 - Typical Setting
B4 Receptive Field {RATLMERIZIT (BB REZEIAY Receptive Field BIZHEA

1. HEFREHY Channel
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Each receptive field has a set of neurons (e.g., 64 neurons).

all channels

~
kernel size + djojejie]a]d
(e.g.,3x3) o|1|0|0|1]|0
o|o|1|1|0/|0
100|010
o110/ 01,0
co,o0(1,01,0

— R EMEAEHERAIRHERA TR RS (RAT REAAS TIEHFLL Pattern IEIME— Channel 2@, FILASE LS
B9 Channel FRLABESASE £EBAY Channel

A JEHIA— Receptive Field jUAHE REHCHSIREREF 7 I ABHENRE R EFE—ERTEL
ZRA9 Channel, X N BIRTSTERIUME Kernel Size

ZFISRIREIXMIFEE, B 180 Kernel Size #i2 3x3,BF—fi&FR(] Kernel Size EESLASIG KK (RIS G T
TR AR 3%3 B9 Kernel Size BB T ANRITIRITIEN 77 9x9 BRXEEEARY Kernel Size,—fig1E
1EEBIM 3%3

AJEESB AZEIDEBUNIR Kernel Size #E 3x3, BHREREA I SEME IR EERY Pattern #BR7E
3x3 XE/NESBEA, LRI LA 3R T, I SREF R R 1RA0, B L Pattern BIFRAN, tBiF 3x3 BSBEIRD
AT SRR

E—THNSBEZXNEE IR IELSIF R, E A Receptive Field iR LR Kernel Size 3x3,
AIE—HRFE—4" Receptive Field F&RBE—4* Neuron EXIRE, FEE2F—H —HE Neuron ZFFB.tL
Wi 64 4 BREE 128 4 Neuron EX5F&— Receptive Field A5BHE,

2. B BaiA LB IHAIERE—1 Receptive Field, BBEMNAE Receptive Field ZBIRIKIR, 2 EERER /R
SIB(REREL LABAYNXA Receptive Field fFAB—mR RAEEIE—NBIM— Receptive Field,iXMEa]
BOENU{ Stride

Each receptive field has a set of neurons (e.g., 64 neurons).

stride = 2 overla
all channels P

kernel size +
(e.g., 3x3)

o|lo|lr|o|O R
olr oo |~ O
ool oo
O | o | O~ |O |0
LRk RrlOo|rLr|O
ololo|lo|o R

{BIEX M FARE Stride BEHS 2,80 Stride 2—/MRETRTERY Hyperparameter {BiX Stride {R{EE
ARRAKAEER 1802 ALY

EB{RFEIXLE Receptive Field,BR Receptive Field ZBEEEEN, EARIZ Receptive Field TEIZHE
Z 8B Pattern HLIELFHIN R Receptive Field BIZFR L BBETAZBEE Neuron ZTUE,
BRREATBERLS Miss #IXA Pattern, FTLAFA 17528 Receptive Field b2 (B EEENES

BRERIZFAIIZ Stride = 2,3B55— Receptive Field HiEXiN BB _ NS EXIA

3. BEABPISHEXIA AR OHBEE —NUE T, it 7 RAGASEE BT e



Each receptive field has a set of neurons (e.g., 64 neurons).

stride = 2 overla
all channels P

el
: =) De” IN_ TN \‘ \
kernel size --.:; 1/0jojojoy1 A padding
(e.g.,3x3) Lo 1|jo0jo0|1] 0O
SJojofj1]1]o0|o0]f
Mm41/,0]0|0|1 |0
MmJo0|j1(0/0(1|0
14Jo|j0o|1/0(1|0

BB AR et APMAEEXINIE Receptive Field (B{RIXFEERIFIR 7 SHRANLILAYIBS I, (NEREAN
Pattern FEILIBAIHETS (FR5EIRE Neuron ZEABARLE Patternli, ;&8 Neuron Kl HIFEILILAY
Pattern 7, FrLA—RGININRIIETS b Y (BB HSEE 7 EER

HBHEEIRLH Padding Padding FEiE#h 0,47 FTLANZRIRSK Receptive Field B—#9 BHEERASEE
ZHNT RS AR MEEAYEERZ O

Hrth Bl MER % Padding BEMERIEE LUANRE AR FOXUAEKD 0 iF AL FAMEKE 42
EFTE Value RIS BiE R, BABIDIORXEHFE HEA, BEMARRT Padding RI7TA

4. YRR T BAMEE B, MBS RX O EEEH (FESEX N EE SR LB,

Each receptive field has a set of neurons (e.g., 64 neurons).

stride=2  overlap

all channels
N \

kernel size wJ 1]0jo0jojoj1 g padding

(e.g.,3x3) oj1|{o0joj1|o0
ojoj1|l1jojof
23 N | KO8 [ e The receptive fields
0/1]0]0/1]0] coverthewhole
0|0|1|0|1|0| image.

TEXiAVe Bl I—HFEETS [ Stride 2R 2, FTLUMRE—1 Receptive Field EIX1A, FEE TS RBHMIE B —
/™ Receptive Field fEX/ M5 (RBUERRIX N0 AT K E A AL KE A 2, & Tt 2 E R —
“™Receptive Field BEH, LA EE HEEE—MUIE #HE—F Neuron TETUARMETT BIRE HIFL

Pattern

¥ ARIXNESE—MEHL, Fully Connected Network BY/5 =, 5F

Observation 2

FENMZEHZ PR Pattern, ERJGES HIER R AR XiHEH,

* The same patterns appear in different regions.
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EEaNiR SIEIXAN Pattern, B R BEHIMAEE H AV E 3, el sE HIEE R B9[], AT IRFZRER 2 —HFRY
HELE BT B R EENRRME

RIREAINIA BUTIE (REFRY Pattern, HIMERE HEIRRIRIAE (MFEARARITRE FAHIEL L
S, E—ERER— Receptive Field #2[H,EA Receptive Field @¥aiEZ ERBamme I ME R HY.AT
E R EmE IS ARER Neuron IFEBEIRN

AMBIRTEAR Receptive Field 1,5 —1 Neuron BHITIE FEMUUSEHNE BRI HITUHE

* The same patterns appear in different regions.

F | detect “beak” in
my receptive field.

FRLAGE S I E), iR B R R BRIRE XA—ERER— Receptive Field ABSBEHER, A
Receptive Field, —EB—4H Neuron ZERRERAMRIREHBE— Neuron, ERJ LTS EHYIE BRS 1 HIITE
B R a9hiE), Stk

(EXIARYEEE XLATNEEEAY Neuron, B IMHEERILRE—HN AR ENTEIGTEERT—H BIIE
HWREG—ITHEE, WBEM—MINSHER) Neuron 15?

* The same patterns appear in different regions.

| detect “beak” in
\ [___my receptive field.

—+ = —

Each receptive field
needs a “beak” detector?

Loy

B | detect “beak” in
my receptive field.

WRARTEBE BEE—MUUBER Neuron JMRNSHEARRAKZ T15?

MXMESHIF SRR ERSLHE JLERERRE—F RIRRE— I RIR ALHEEEEXRAIRE
BB REEENSRFEIBXRRE BEREABTEEET I RATEF IRRIE BRI — N
RAHIRORIE LT RFTRIAZBI LUEIR.

N

A + |_.‘:

Simplification 2

WNRMTESAGAN TR EASE B IBEARES1LE, A Receptive Field B9 NeuronHtZ= 52 bt 21t Parameter
SharingfBRE= IBHEZ=SHEFEEER
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3x3x3

Simplification 2 : weights
: —
.............................. »
J bias
o 4
1T17ofolo|o]|1 .
parameter sharing
1loj1]|0fo0]1
Jolof1f1]0 f3x3x3
T 1| O O OcdeidaflaDufrnnnnaann > weights
Tlo|1lolol1 —
1o|ol1|0]|1
bias

FHBHES R X4 Neuron Bl weightsRE2E—HERY, X5 ARG FIRIR, B8
weights e 2—HERY

Xy o(wixy + voxg + )

X2 w

Simplification 2

3

: bias
) e o — —] .
111, 0|0J0|0 1 :
110/ 1|0J0|1 0 ( )
X} a(wix] + vvoxs + -
SJo|of1]1]|o0fo0 ! o 2
X3 wy
7l 1]0fo]odafadimnnnn. >
MmJto|140/0]1}) 0 :
1o/ 0(1, 01

bias
Two neurons with the same receptive
field would not share parameters.

|

o FEIXAN Neuron BIEE— weight, U w1, FEIXAS Neuron F9EE— weight B2 w1, BfI1&E—"
weight KL @&RFR

o XA Neuron RIS weight & w2, FEIXA™ Neuron BIEE =4 weight tB2w2, B JEBE®BR
T AL SEHE

L EXA Neuron ERTFHEIXA Neuron, BfilsF#&H) Receptive Field EF—HH (B2 EIINSHE—IE—tF
£

BB ARBER AR &R BRISHE—E—F IPESASh I /KTE 2 —1F?
& BEEIHMARA—ELXF Neuron FE2E—E—# (B2 T ) IBRISTBERAR—HN
o FEIXA Neuron HATRERIBMAR 21, z2, FEIX NeuronBHIIANR L], 5,

o FMENX/ Neuron BUIHALE x1 x w1 + x2 x w2, 220000 B0 Bias,2AfGiE1T Activation Function
BREL

o(wizy +wazs + .. .. .. )

e THEIXA Neuron B#AHAE w1 w2,{B w1 IR w2 2L x1' x2' FrAEHYMEA SR _EEX Neuron
—t¥

o(wiz) +wazh + . ..... )



FTLAREAN Neuron SFEASEEARA—H B EIINSH—H ElEE AR —HRY FTLUX RS —ME
Simplification 2 - Typical Setting

HANL—L Neuron JUHZESH IIEREEEHRE (FRLTLIE DRE XM 2T LB S RENSER,
ERETREEEHFAR ERNECGHR LENRENGE 2 EESEN
BBEAINIA B L0, 55— Receptive Field, BEME—A Neuron FERETH

Each receptive field has a set of neurons (e.g., 64 neurons).

f f | [ |

[ [ [ [ |
® 1/olololo|1 ®
@ <t T Tolol1]0 ®
® olol1]1lo0]o ®
. 1 0 O 0.-1..0 III* ..
: ol1|lolol1]o0 :

olo|l1]ol1]o0

Ebaniit 64 4~ Neuron,ERLUX AN Receptive FieldBg 64 4~ Neuron,iX4™ Receptive Field 275 64 4 Neuron,
Rtz B EELZSHE

Each receptive field has a set of neurons (e.g., 64 neurons).

Each receptive field has the neurons with the same set of
parameters.

filter 1 @ |1| ‘0‘ '; |0| ‘0' |1| @ filter 1
filter 2 Q S (EREEY Sl1lolol1lo O filter 2
filter 3 @ ololil1lolo @ filter 3
filter4. 110 0| Ockdspgtanesp . filter 4
ol1]olo|1]o0 3
001|010

BAIXiIBB—H#REEE AR EE Neuron HE—HHSE]
FRLAELSCES—4 Receptive Field¥RE—HASHME HE

o £ EiBiXAN Receptive Field BI5—/ NI & Neuron, £IRA TLIXA Receptive Field FI5E—/ &
Neuron &%

o THIE—MEE Neuron IREHE -/ #&&Neuron I£HSH
o EHE=AFENeuron IREE=14E Neuron 2FHSEL
o FFLAE— Receptive Field ZERBE—ESHME

BRXLLSEE— N E=E, M Filter, FTLUXFANLE Neuron, B 1EEtFAR—ESHIXESEF Filter1, 156
X Neuron BIIHEE—EBSELIXESEH Filter2 1Y Filter3 DY Filter4, LALLSEHE

Benefit of Convolutional Layer

BRIE&EH 7 RANEWE A BRI 1R EIE— T A 1F 2 72 iX 2 Fully Connected fJ Network
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* Some patterns are much smaller than the whole image.

EREMRXN EEMEFREEEEKE H PITREEERA— VR LATN HEZERY Pattern, FTLATL
{187 Receptive Field AL

* Some patterns are much smaller than the whole image.

* The same patterns appear in different regions.

LA TEFI— Neuron REEE—IKE HEEN—SEERIAHR, ERIEIERI IV ISR R Fully Connected
89 Network, ERJLAREBEKE F, TRAE—INEE MR EREE—EE FMitRS Weight i85 0,
HMRE—IBE, FrLUNA Receptive Field LA, #RAY Network AU E25/ 1\

ETRBEATEERERE NEHENEHA—TIRHT Network AIEME

* Some patterns are much smaller than the whole image.

* The same patterns appear in different regions.

ASETE Learning F9BHR, EFTLUREIXF Network FISEEEHE, E— Neuron IR BEERENS
eI LAEF 2 H—E— S5 BT B A— 25

ERIIASHEHZLE MERER E—L% NeuronSHE—E—F FRLAX X EENN T XS Neuron AIBRH, M
Receptive Field il L Parameter Sharing, 52 Convolutional Layer



Jack of all trades,

" Fully Connected Layer

y . master of none
: ~ Receptive Field "‘\\ ‘
.~ ParameterSharing | y
\ \ Convolutional Layer ————— Larger model bias

\__\\\; — -:_--j'/' (for image)

* Some patterns are much smaller than the whole image.

* The same patterns appear in different regions.

BFZ| Convolutional Layer B9 Network, gt Convolutional Neural Network, 52 CNN,EFLAMIXME L
W fReT AMRBREE A H, ELSC CNN B9 Bias LbERK, BiY Model B Bias bR

BIREE MK ST Model Bias LHIRA RE—{4IRZE1Z?
Model Bias X, ~*—EEIR=E

o [EAZ Model Bias /)y, Model i Flexibility IREHIFHZRE BLLIKE S Overfitting, Fully Connected
Layera] AME X ZHNERE ol A ZH SN BR CR S A NATE (ISR ES LT

e [ Convolutional Layer, ERE | JBRAZIZITHYRIA Y Receptive Field S#H = IXLNER PR
BIZITHRY, BT LA TERAS _ AR LUISEF, 2R ERY Model Bias R (BXMEFME L AR (B 2490

ST FERARZ S MNOES (RSB PSS, B AESS R R IR MY, B R PR
Convolutional Layer

BAALHEY G AR E LR CNN BOE—F B 0 BRIER IBH BTN RT3z BN AR
TIEURNIZHEIN B SR —E— R, ARR— NS B A RARR A KA

B MRAR ARECEE WATEER CNN RI75Z0 RIS —MRA ARUTEA RIS ABHEA IRITE =
RS

FEZNMRARIXEERY, Convolutional A Layer Fi2EEERZSHY Filter

& Filter 1

‘» . . " [ E
ﬂk: 3;' o N .
o) o : L 3 x 3 xchannel :
.

’ B S tensor :
............... - . :

+ 5 P H Filter 2 :
‘ A PoH| 3 x 3 xchannel :
: L tensor :

channel =3 (colorful) "-,E S ch filter detects a small

channel =1 (black and white) pattern (3 x 3 x chanel).
XL Filter T BAIHIANE,3 x 3 x Channel §Y Size, ilIRSKEZEE FA9iE M2 RGB =/ Channel, 4l
REEANERANE BRI Channel IR 1

—~" Convolutional i Layer {2@EFHEE—HEH Filter, & Filter , E&FE— 3 x 3 x Channel JXEEX
B9 Tensor

F— Filter BHEAMEEEEREIEE—1 Pattern, 27AXLL Pattern,ZE1E 3 x 3 x Channel BBEE/NITE
BB A, =7 BETEARIXLE Filter HTHSE

ARIXLE Filter, BEEXE FAEEAN Pattern B9UR, FeAl JBIEZE— N SLFRAYGIF
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Consider channel =1
(black and white image)

Convolutional Layer

11-1]-1
1lo0|lojolo]1 1|1 | -1 Filter1
o(1/10|0|1/0 -1(-1]1
0/|0(1|1,0/]0

-1 1) -1
o(1/10/0|1,0

1)1 (-1
ojofj1/0/1]0 -

6 x 6 image

(The values in the filters
are unknown parameters.)

BIFEE FEAVRZ Channel & 1, BHERENIE R 2BAMNER

BB MRIZIXLE Filter FISELEERAY Filter BLE——"HY Tensor,iXA™ Tensor 2EAVEE, FA IS L
18 7 ARLhR_EIXLE Tensor #EEIRVEE HLHiE Model #EAY Parameter,iX£E Filter #EHEAVEE HER
HeY, ER2EiEdgradient decentXIEHRAY

BREANIEELRIHXLE Filter EEAEECEHRHET HIIREFRIXLE Filter, RBEIR—KE F#{TE
1, [EEEEE / _LEE Pattern il kA9

Convolutional Layer 17131 fiers

O|O|RP|O|O |k
O, |OJO |~ |O
= |O|Of—=|O|O
oO|0O|O |, |O|O
R|lR(= | O|kr | O
|00 | O |0 |k

6 x 6 image

XERIINB A, E2— 6 x 6 BIX/IE F,BRXLE FilterfOHERLE, 58 Filter BER FHIE LA, AFIB
Filter {#@mEFFERYE IRAE LAXINNEERR 9 MEMIBIR L 2ITXAN Filter ##HERY 9 MERXICEE
Ry 9 ™MER, {5 Inner Product, {522 3

IR EEEEES, EIMANMR, FAEEEALIEALTIERRRE, MEfilteriRE A XR(ER
HaEEEgR, ErvERsRLASBHEM

1 -1 -1 1 0 0
ZImArdfiltern | -1 1 —1| SEREIE—3 x 35K [O 1 0| BERzErIgEs
-1 -1 1 0 0 1

(IxD)+(-1x0)+(-1x0)+(-1x0)+(1x1)+(-1x0)+(-1x0)+(-1x0)+(1x1)=3

REALAEITIGIE

o = O

1 1
E B filtery [0 0
1 1




1/11/1/0(0
0/1/1/1|0 4
Oxl OxD 1x1 1 1
0o(0|1(1|0
0O|1|1|0]|0
I Convolved
mage Feature
FETRIXA Filter B, AR LA Z TR E A — = BB MEEIRYEEE U Stride
. 1|-11]-1
Convolutional Layer 171321 Firers
10-1)1
stride=1
1{o|lo|ojol1
of1|olo]1]0 3 1
ojoj|1|1jJ0|0
1/0/o0|o0|1]0
ol1|o0|lo0|1]|0
olo|1|l0]1]|0
6 x 6 image
BBTENIA HEI— MNMRABIEEEAIRTE, B 189 Stride 218 2, BBEIXMNMRABIEIEARmE, Bl Stride FikE 1,58
FaB— R RAEEEXA Filter IRXANSEEREEAIZYE & Inner Product EHKE -1
. 1/-1|-1
Convolutional Layer 177311 fiters
111
stride=1
1/0|{0|0|0|1
o(1|/0/0(|1]|0 3 1 -3 1
o(o|j1j1|/0]0
1/10[{0J0|1]|0 3 1 0 3
o(1|0j0(|1]|0
olol1]|of1]0 3 3 0 1
6 x 6 image 3 £2) =2 -1
RIEFLALLSSHE BEAR—= BE— T ARXALEHATAGE E T —R BE— T LU SEHE —82E

XA Filter IEA T BEH— M RIE EX=HME -1 pliXtF

XA Filter ‘EERRETEGN Pattern

. EE
Convolutional Layer IRT11 fiters
1)1
stride=1
olofofo]1
0 o|0|1]0 3 1 &3] il
o|o 100
1/o0fofo|1]|0 3 1 0 3
o|1]ofof1]0
olo[1]o]1]0 3 3 10 1
6 x 6 image 3 -2 -2 -1

{REIXA: Filter 12, EX ARG ER1 FTLAIEEER Image BEBEHINE= 1 IR EREERREKX



Convolutional Layer MRl fiers

i [l
stride=1
olojo|o|1
0 ojo|1(o0 u Eq 3 ) ( -1
oo 1]/o0|o - =
olofol1]o 3 1 0 (3
0 ojo|1]0 . ~
oo ol1]o0 3 )30 )L

6 x 6 image ‘ -2 2 ){ -1

FrLMRESARIAE Bt SRERK A PR HNERK HESFRIIR XN SR tAEHI 3.
LEAREHIXA Pattern, £ FEABHILXN, =1 1 &EE—RAY Pattern,iXMNESE— Filter

4% BREETRIR F( HEE— Filter ZBESAI Process, ELAMGEIXNAEE " Filter

1]
Convolutional Layer [1]1[1] Fiter2
-1 1|1
stride=1 Do the same process for
1lolololol1 every filter
oj1|/o0fof1]o0 1 (3 1
olo|1]1|0]|0 ) )
1/o0{ofo|1]|0 3 1 (o0 3
oj1|o0|0|1]0 .
olof1|o|1]0 3 (300 (1
6 x 6 image 3 { 2 ) (-2 -1

BATHACE =A™ Filter SEME L AFHAIE B2 — M B £ —R BEE— e BEa—< BEE
— B REBRER] Process, RBRIFRIRIF ERIEEEKE H &7 Bl IEEIBIM—FEE

-111 (-1
Convolutional Layer 1] 1] Fiter2

111 |-1
stride=1 Do the same process for
1]olololol1 every filter
o|j1(0|0|1]|0
ANBBOOEE. 4 4 4 <
1/of|ofof1]o0 A WA
ol1lolol1]0 . Feature
olof[1]of1]0 & Map

4

S

FTLAS—A Filter BBRLETA1—RHLF L1 &RV Filter L83 1—FHET IR EA Filter £8FR(1 1 —RFE0S ANSRIKA]
H 64 > Filter FeAIREE 64 BFRIET 7 ABX—EF &I, EXE— 1 2F B Feature Map

FRLAZS A 3B —3KE 38— Convolutional Layer #BEE—HE Filter B9BHME FAIEEHE T —
Feature Map




BRIERIZIX Convolutional Layert®E, B8 64 1 Filter BREAIEE H K641 Feature Map, F—HEX M
FEMER 4 x 4, XA Feature Map{RAJLAB R, BIM—IKFREIE K

REXMEER Channel B8 64 N MEIXFHAR RGB iIXMNEE R Channel ZEXEfF—4 Channel &3t
RiZ— Filter, &3EZ—3KE|FE=A" Channel,i@d—1 Convolution, BaEp—3KFHHIE H. 8 64 1
Channel

X4 Convolutional Layer RRILIBRSEH NIA EE T HF —EBUREE _ESREMTEER

Multiple

Convolutional Layers @@@@

2 GOVe

filters OMRGMNNGR | e

------- .
‘ Filter:
3x3x64 i

: i 64 5’\,

S5—E#Y Convolution [, tBE—HAT Filter BREE—" Filter I, BRI/ XA HIR 3 x 3 AP EHIBSEY
Mgk 64

Filter BIXMSERE2CELERZHRAY Channel ATLARNIZASE—ERI Convolution RIZMANRIGRER
BH#Y Channel2 1,3BEAIE Filter BIRERE 1 BMANEEUNREZER Channel 2 3,7 Filter (IEERMZ
3 A AR, B I SBRI—3K AR XIE A Convolutional Layer 3&ift, BRTMIA B E—KE H BBX A
B HBY Channel 224 i X/MEIFBY Channel 2 64

XA 64 Za1— Convolutional Layer B9, Filter #{H,AI—1* Convolutional Layer, & Filter #{H 64 3Bt
LUGEHEE 64 4 Channel

WNEEFAIAY Filter BIKN—EIE 3 x 3, 2R E1LFEAIRY Network, ;GB LBV TBERY Pattern I

HILASH, RAREEE IR/ IESEZE Convolutional Layer, FfiI8Y Filter BIX/N—FFg 3 x 3 fUE S
REHESBER

NERFAI—HFIR 3 < 3 B9, SR ERE LAX M HENIME KA LAX M BRI/ G L ASLEINEIXAD

O|lO|r|lO|O |
O|Rr|O|lO|»|O

Rr|O|O|lIRr|O|O

Rk |kr|lo|r|O

=
€
00O ="

olo|lo|r|O|O

AT RIREER S L HTENNRXNSEE,



FRUASEAIEIX 3 x 3 BSEERYAHE, FI55— Convolutional Layer AYIHAY, XN Feature Map 9,3 x 3 /Y
SEEIRIRTHE A IERRAVE G £ LR E R T —1 5 5 ASEE

Multiple
Convolutional Layers

&

filters

FRLABSAFAIINY Filter A 3 x 3(BEEME L& EASTEE, 2ELE AR £ 5 x 5, LIS KRR Network &
SR FHR 3 x 3 B9KI Filter, EBESEEFR SR FrLA Network S8R (RARIBARIGIAZIELER
KA Pattern, EiX 2R LUMIGNIZIELEARY Pattern

NI A 13 T TR hRARIEEE T BRX A MR A RIEE, 2 — & — 1

Comparison of Two Stories

\ @ -1 -1 | Filter
: — -1| 1 |-1|3x3xchannel
- @ tensor

Receptive
field (ignore bias in this slide)

HAEE— M MRAREEE, R TE L Neuron,iXEE Neuron £ AS# XL BRNSH RESE -4
MRARIEEEEmAY Filter

A XA Filter ##HA 3 x 3 x 34T HXID4F5IA RS XL FERR, SRR X4 Weight fid
RN EF

LA SEHE, BRIXIAFRAE Bias £ T, Neuron iIXMEH Bias BY,1X Filter ;&% Bias g, EsLE2GHI, RE27EN
ZHIHEEE SRR, IR AU AN L/E L ARAY CNN AUIXLE Filter, HSCERAE BB/ Bias BIEEMR

i

iy

-

ENIA SE—  RARISEEEE, R 1A R Neuron, BfiT8ILA Share Weight AT EFEARISEE, T
Share Weight iX{455, HLFE2 (L Filter T —KE R



The neurons with different receptive .
fields share the parameters.

T X T T = E

1/0/0j0|0|1 :

o(f1/0|j0|1|0

o|joj1|1|0|0

10| 0] 0fedefeBefurinrrnns >

o|1j0j0]1}]0 :

ojo0(1|0|1]|0

bias

Each filter convolves over the 1]
input image. H

HBIE Filter 3 —KE X4, BELFLE Convolution, X2 A1 Convolutional Layer, 20l
Convolutional Layer B9%(&

BRFMBAHYE Filter INTE X415, HELH 2RI Receptive Field,Neuron ATLATEFASEL, XA B
SELFIU— Filter

SREBINENAERIER, H CNN IXNRPS, B E AT LR ENRYS CNN SEFRt T H#E

Convolutional Layer

Neuron Version Story Filter Version Story
Each neuron only considers There are a set of filters
a receptive field. detecting small patterns.

The neurons with different
receptive fields share the
parameters.

Each filter convolves
over the input image.

They are the same story.

BER CNN 2ERFEINNER

o F—MURE RIIFLFEEEKE R A% Neuron IBEEIRA, MR E— NMEEM S Ma Neuron RE
B RRI—/\gB5 XT Filter N EM S e Tl 1B —4 Filter, 8 Filter RE—VINEE, BRI/
Pattern

o AREFAN BEERT Pattern, ATREHINAE A AR RS, FTLA Neuron [BJRJLATLFBSE4, 3T Filter UL
EMamE — Filter B IEEKE H X2 Convolutional Layer

Observation 3

Convolutional Layer fEMEAGHHRAIRHEN, DA G 5 =N FRVZRIS X ANREDE {4 Pooling, BB
Pooling 2/EERAINE

* Subsampling the pixels will not change the object

bird
bird

—)

B subsampling
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Pooling SREIR B/ ER

BANE—IRELBARIE i Subsampling, 25 RIEEERRT Column S, 57489 Row HiEE B R
BRIERAY /A (BRASRNEE R R B —KANE 48\ X 2—E 58 XK N\NIE R EEREE—&
e}

BBEFLAIE B T Pooling iX#£a9i%it,8B Pooling 2EEIE{ERINR

Pooling XANRAN, EAEIRBESHFLAEARE— Layer, BEHEIZE Weight, B/ BE Learn B, ATLA
BASER{RIR Pooling EEEHEE— Activation Function, tEEH&E Sigmoid , RelU AP, EATCHERRE
7275% Learn BZRFERY, EFE— Operator, RV TAEBREIEITFAY, /KB ERIE Data H(HAFRFG

#B Pooling ESLtBBREZARAIRA, FAi IXiHHAIRE Max Pooling

Pooling — Max Pooling

1(-1|-1 11
1| 1|-1]| Filter1 1)1 Filter 2
-1(-1)1 1

Y I Y QC
] 1o 3 QC @
selpe @elee
NI iE— Filter BEE—IEET EM Pooling AIBHE, Ff IREX LA /LA LA—E LLAmB X M+
EEME 2x2 M—E 5 —EEmIE—MEE T Max Pooling 8@, BA IS EM E2RKAIB—

@

Pooling — Max Pooling

1(-1|-1 -1(1 -1
-1| 1 |-1| Filter1 -1| 1| -1 Filter2
1111 111 |-1

g a_e
f 3 ) @ @

{RA—EEIEE AN XN EIRE S LURER, Max Pooling X—MNAiARBIERANII— N EEtEE
average Pooling , W20, 1A LASES8, LA B S 49 Pooling BY75IE

B—EE 2x2 PM—AHBXMBEIRE CRERN,.(RE 3x3 4x4 BATLL

Convolutional Layers + Pooling

FTLAFRA 152 Convolution LIS EEEEIRSIBEL Pooling B Pooling B IEHEIBE AT 5=
Convolution LAIREAISBEI—KE F X—KE R EEBRZH Channel 35S Pooling LAS, FAi I8t 218
XFKEEHI Channel A"Z5, A3k 64 4™ Channel i£2 64 4 Channel (B2 T1SIEE F BRI —=
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Convolutional Layers
+ Pooling

¥

Repeat

TERIA BOBFEE, A5k 44 BB R ANSRE HEXAS Output RIEUE, 2x2 N—HRYIE BB 4x4 NEIR S
% 2x2 BB/ iXNgE Pooling FrfBIETS

AB—RRTESCAE LI, 1R = Convolution IR Pooling 33 &R, 5l 2(ReTBeff) 12X Convolution, ffi—iX
Pooling, EEa#IR Convolution —)& Pooling, 7k Convolution —X Pooling

AR LB Pooling 3IHMRAY Performance, iR 2 A ESHR—RIHER, A BRIZFSKEMNAIZ
IEEHERAIERIE FMRBEEM Subsampling,Performance AJgESTEHME—R

FRLUESESRIRS I RS EAREBMAY Network A9 {FEHRIFFAIE Pooling Eie, e X, Full
Convolution B9 Neural Network, FiZ Network ##EFtFE82 Convolution, 552 &4 Pooling

REBILFREEHAEIMREE Pooling REEIEHES T HMNEER M Subsampling IBRA5ZED
MEEE FPNRIRS KRN EER, BIESTE(RAM Pooling B9iE 1B% Network FIZSMIANZIT EFES KA
Af#g Pooling, 2 Convolution,Convolution \LEIE AEEEMAMMISIER BB BEMISEY

The whole CNN

BB—RRLAS ARAYZEHATZ Convolution /il Pooling BBENIA i i5 Pooling RAIE A L, SKRZ ATTE
£1%RAA Pooling, iF BRINSRMRM5=/ 1R Convolution LU 1E TR, R EFERIS/SHIZLRIE

The whole CNN

Convolution

i
¥
ol
. 4
iz

{REHE Pooling B9 Output f—{EEE15, I Flatten,Flatten FIEBRE R IBIXNEAGHREIN, AR HER B
FEFRRIAR B BB RSB B —MAE, BIBX N &, Ei# Fully Connected Y Layer #2[H
REROTREIR BRI Softmax AEREB R GHHRNER XM — MR GHHRAINetwork, EFJ5E
BT LR KIXEE #2EA Convolution, 7§ Pooling & Flatten, &fEBi&EID /14N Fully Connected B Layer
8% Softmax, RZSEIRGHHRRIER

Application: Alpha Go
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ABRR T SEHHRLAINB ARATBENTIE. CNN B5—"PEE RS, SRERABEIFRIN A, BU2 RSk T EHE BRS K 4
R M1EEF IAOR 1ZE1RE AlphaGo, KRR EER KB HXIAXT, FTLABA IRIE—T AlphaGo,#F
EEERIXAS CNN SRTERHDE

ey Ly SR e

i

Y SHiE Yo

{5 g vework | QEERED

“ i i_. positions)
L;;‘ T

AN FEMRESIHE — 1M KB REY Network RURIN, EHE FR-FIREFRINVE (RAYEHME T—
TRZEEFINE

A REAISREBEMER Network FFMAFE— A EWN B EEIEHBRTE—IMRER 2B H
2 FRHES 19 x 19 MUIEWF BBEA IHUE—MES Fmp—1 19 x 19 ENAE X MO EEE NRE—
MIBBE—NEF B MBI IME 1 REFHAPIE -1 WRLKBFRAMIE 0

ST
i e
“ e e Next move
iy 58 » Network (19x 19
i C : positions)
L:h.‘éé 19 x 19 classes

19 x 19 vector

Black: 1 Fully-connected
white: -1 network can be used
none: 0

AT TLAES T Network i, BIFEIEER_FAVSEBARHEERE BATRTLAR— 19 x 19 SRR E KA —MER,
LA A—EEBXEML, A—EERFE 1 AFE -1.AGEREFHE 0 XRE— NIRRT ARME,

R E M EHSFNRSA R B BB AIBEE FREE B—  REKEE

BN EEREI— Network #2HE, ARV ARF A LIS FEIEZSE—N 25091307, X4 Network £,

T NIZEFH EETEMERT

FREATFEIE 52— N8 19 x 19 PN RBIAIS 329180, Network & Output i, 71X 19 x 19 NERIEHE, Hi—
PNEBIRRTFH, ROZESFE T— 5% FA B NIZEHE BhX Naise 2 LAE—, Fully Connected B3
Network k&R {2 CNN A9 RELF

LR T

igee" e Next move
g 38 » Network (19x 19

; i H: positions)
. O

19 x 19 classes

Black: 1 Fully-connected
48 channels . = network can be used
in Alpha Go )
none: 0

R CNN RIZREFIE, B Ree A LIE—MEE BIFR—KE H, — MER AILUEER—METE
19 x 19 NE F —ARE R 1R, —ARE FFT8EER 100 x 100 AYRRHTE B SR/ B R TR E2EERE— &
MNYER XMERERETERE 19 < 19, XMERERE—MEER 81 Pixel INEHEHE E— P ALIR
FHNE




BB Channel IR, —f8E £HY Channel #t2 RGB I, RGB XE— /M EEE, BpiEAZ FE— Pixel i Channel, ;%
EEE

£ AlphaGo RY/REIRIEXARE B HIF R, 8—MEEAE S—MER LAY Pixel, BR2HM 48 4* Channel 3§
iR B RHE FRE—MIE BE R 48 NMIF KIEABMIERE T HES

BERBHERX 48 N ABX M BAREHESTFIRIT A AR 48 MUBRIE LNk I XMIERAFARER
Wiz 7 XMIEFZDERBEEA—HNFS SR FEAE— ME LIRS A 48 N KAt
& FI—MUE X—MEREHE 19 x 19 NFETERNE R, B/ Channel 2 48,

BRRE CNN FTLARE TEE LR HAINIZ #iA 5381 CNN BSH AR R ERTSaFR, ERARR
RIHRY FTLAIR— N, IR GO B H R ERYFIERNE ARESEANZA CNN RRLAS RELATE FEHEATLA
F3 CNN BREIARE 1 AR EIAE EHIRS GE H BRI IE R RV LR

Why CNN for Go playing?
BANIAHRER G LNE—MIRE REEEN Pattern [RRFEF/IEEHMAE, TEEEAZHE—HF
1%

Why CNN for Go playing?

* Some patterns are much smaller than the whole
image @

Alpha Go uses 5 x 5 for first layer M

HEHIRIFEX— Pattern (A EAAEEMARNRS. (FPMERXDRET HERE XM HER FHETE
£ 70 BB P RBFUIRMEXA A LB FRE B R FEREXIA T2 A LUK EF A REH
1&7E BRELSLTE AlphaGo 2HEB, BRYSE—/ERT Layer, BRI Filter BFIANHLZ 5 x 5 FrLABSAEIRITX D
Network B ATE1St, #H#R FRZEERT Pattern, tBiFE 5 x 5 ASBERATLAXIE T

BREHIREE LIS TAMEBE R Pattern RS HIIEARRIMUE £ TEHEDSAEHE—HF
e,

* Some patterns are much smaller than the whole
image 1O+

Alpha Go uses 5 x 5 for first layer m

* The same patterns appear in different regions.

XANIURZAY Pattern, B R LAMIAEEE ERYEA(E, R AT Ef, R LAHIER A ATLANIX A
MRE FGIR TEEARERARZL

BRI ANBRERIETT R M GIIRHRR DR JEB2 M Pooling, tBHLE—IKSHR(M Subsampling LA,
HA SRR PEAHE

{(BREERIXMEFL (R LUEEE FHSFEYTIREBEY 218, RRE—MERE, IFERFHEARRT AT, T
EEX ERASARESS ARBEEEiIE— Column 25—/ Row, B MEEE/NFHEMA—REN, EEAsE2iE—
Row Zig5—* Column, i X&i& BRI
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* Subsampling the pixels will not change the object
How to explain this???

FRLAB ARSI, CNN #BEHMEES Pooling RES/GHHRERER Pooling Bl AlphaGo th—EBH
Pooling FrLAXZE AlphaGo fRIIT,£1%XT Pooling IXMNSmAEE, —EM I LUBEITIE BRI

B]Z AlphaGo MXE5&, BAAE R BIXE B2 NAYSS = FRLAXMNEIRRSILL IS mEH i BfEskEm A4
E7—T,AlphaGo 3pfs Paper

HSE AlphaGo 7£ Nature EAY Paper HSLiRBE S K, KHHL HiCBHM A 7\ e IR F— TN FRAI LA
58 7 MBEAXNNENEXAEH EEREIRCANMIRSEIRMTER T EiE 1 Network ZEMRIMHET X4
ST TERAENE, 1X BT FE AR E R LARRRUF 4R 7 — B4 BER AlphaGo RIS ST

* Subsampling the pixels will not change the object
Pooling How to explain this???

Neural network architecture. The input to the policy network isa 19 x 19 x 48
image stack consisting of 48 feature planes. The first hidden layer zero pade the

inputintoa23 x 23 image, then convolves & filters of kernel size 5 x 5 with stride
Lwith the input image and applies a rectifier nonlinearity. Each of the subsequent

hidden lavers 2 to 12 zero pads the respective previous hidden laver 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 func-
tion. The match version of AlphaGo used k= 192 filters; Fig. 2b and Extended

Data Tab . 256 and
384 filters Alpha Go does not use Pooling ...... .

BAIHRE— T X MNHHER R SRR, AlphaGo RIZRHRE MERZEKIRY, 5T

o FANWE—MEE BIE 19 x 19 x 48 BREA/MEY Image

o ETREIREBM Zero Padding, Padding iIXI4EFA TG HIK FLE(REY Filter AIRBHFHZAGCERHAM
0,Zero Padding FiE2BHEEH+ 0 IR

o TIHERY Filter BIA/NT, Kernel Size Fi2 Filter BIA/NE 5 x5

o FAEH kA Filter k %2/ k 2 192, XHARIK AN, E1IK 7 128 IR 256 &RIL 192 |IF 7 4F 1X
=E—E

o JAf5 Stride=1,Stride 2{+EE FAINIA LT T

o SREIXIBHEAT Rectifier Nonlinearity X2E X N2 RelLU B, iXMtE RelU

o RIGEFE_ER FIFE 12 EEEM Zero Padding, SAIFIR iXA™ Kernel Size 2 3 x 3,—#E2 k 4 Filter,
L EE—EERE 192 4 Filter,Stride IR —#£i% 1, FiXHEE TRZELUETR BAEE— 1R E

o HEINET— Softmax

ERIRIFE R EZILD, AU EIRBERA Pooling
FTLAREETAT—MRIFAIGIF AR KM EEAIRITIX N AZE FF—0

FABEEFM% EEEE A Pooling 7T 8 Pooling —EE1FHY, & FEMEAFHEFEANES A Pooling FRLUR
ERER R RS RA— Network ZEFRIRT R, HiXA™ Network FIZEHEEIEREHEER EENES BT
EUMEXMES L,

More Applications

AR CNN U B T TEMIEE RSN R IR EAEES L B AENFANE £ XINFA A B AH
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More Applications s

feature maps

Speech
https://dl.acm.org/doi/10.110 !
9/TASLP.2014.2339736
Share same weights

sentence convolutional pooled softmax

matrix feature map representation

§e il CER™IM-MHL ooy €RVN
Natural Language c [T
Processing e %

o [ |Fert | ]
https://www.aclweb.org/anth g | P
ology/515-2079/ £ !
MELAPC
e 34

B2 RINRIRERIIEIE CNN BEESE L AEXN AR E ARBFME— N XE AL
XMESHG IEESS 135 L BB Receptive Field BT iXAMNSEEZ AN, IREAG EARE—HERY

FTLMFREAEIE2E AL Receptive Field FBEIEE AN F LARITIRF/ G LAR—H. BE B TIESREXFH
LR RmRIHY

FRLMBRARELIBESAE LR CNN, EEEREE LBt Work, BJ8EER Work B9 (RE 8 EREAR EEE
BRI AMAREEIRITAIEAY Receptive Field,
To learn more

BARIE CNN,ESE CNN, EiRBINEIBSARIUORY8/)\ BiE I AV B ERSRIE [RIRSRIREG CNN &
HEBRIX N A/, ER LAFHRIEIX @ — &1, SRIEXANE A CRRIEHE, ERT LIFRRAA R — S5, 716
BAMTHY
* CNN is not invariant to scaling and rotation (we
need data augmentation ©).

Spatial Transformer Layer

Of#i0

.

i https://youtu.be/SoCywZ1hZak

“ (in Mandarin)

e

(RATBE 1B SUE R TR S MRS R — S — e, BRI SEHHRIE, CNN X1

ERMEXER W ERRXMKE F, 2AX MR E— R (ERNRFCCAHKAFERNE, CHEmATEL
BRI, FTLARS CNN ki, 2R AR—EREERAKRE B33 CNN A9 Network SBREZIFETR
—F

FTLAZESE E,CNN FARBETSANIRRAS IR SE/ )\ B RIeE IR, e SREFEMA/NIRE L RIRIFEER
YHAERR LB/, BT LEF S EHRR (FIEMHAERSEN 5
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