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Deep Neural Network

(Pretraining)
Multi-layered m
A

Perceptron
ADALINE 208 : '
b (Backpropagation)
A A
A
Perceptron
Golden Age Dark Age (“Al Winter”)

Electronic Brain

1960 1970 1980 1990

D. Rumelhart - G. Hinton - R. Wiliams V. Vapnik - C. Cortes G. Hinton - S. Ruslan

S. McCulloch - W. Pitts F. Rosenblatt B. Widrow - M. Hoff
X AND Y XORY NOT X Foward Activity > . : : . : »
7 o D I IS SRR
ARNAR | = = =
Y X Y 4 X <@—— Backward Error
« Adjustable Weights = Learnable Weights and Threshold « XOR Problem + Solution to nonlinearly separable problems  + Limitations of learning prior knowledge * Hierarchical feature Learning
« Weights are not Learned « Big computation, local optima and overfitting * Kernel function: Human Intervention
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Yoshua Bengio  Geoffrey Hinton Yann LeCun Jurgen Schmidhuber

Turing Award 2019 LSTM, 1997
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BHREY  BERRZES (RAED

2 [ElY3 (Regression) {£55: “BiHEESTUMAE"

B—L: B y=f(x) =wx+b
F0: WEHIE D = {(x,y)}

E=#: FMRADIKEREFESH 0" = {(w", b7}
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d [ElY3 (Regression) {£5%: “BIHEH STMAE
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d 2 (Classification) £5%: “FEAREHKFIEH"

Probability Class
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BEERLIEIER (universal approximation theorem)
(Hornik et al., 1989;Cybenko, 1989) : —\WEAL
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0 RTEIERE ML thE MRETT

z2(x) = Zwixme:wTX—l—b 0 = {w,b}
: I
f(x) = |g(z)|=g(w'x+D) RIS
I
AE R 3
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Sigmoid tanh RelLU Leaky RelLU ELU

1 : ( ) z z>0
— Lo max(az,z
g(z)=1—=  tanh(2) max(0, 2) e —1) z<0
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WE— i e — e0e —p —
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Input —

Low-Level| |Mid-Level| [|High-Level Trainable
Feature Feature Feature Classifier

P28



B ELY : JRE S (Deep Learning)

0 RET - WMEREHE
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R EZ BRSS9 3 AlexNet (2012)
0 AlexNet: CNN, 5EFRE+3EEREE, 1000KE/& 57 3K:S
0 EMEEEBALE TSR EE NS 7 28
O MIEREZ I FRFEARH A GILEF!

224
55 dense dense
“ 13 13 13 dese
1 55
5 3 3 3
A4 A Y 4 4 > —> —»
11V SI) 27 3 13 32 13 3 13
384 384 256 1000
224 256 Max Max 4096 4096
% Max pooling pooling
oolin
Stride Pooiing
3 of 4

x: BN ERERD ZREEAReLURE R
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7 E1& 53 VagNet (2014)

0 BEZERE, BTMERZEKNANS
0 BEREZ, SRR EEREA-MLERR

224 x 224 x3 224 x224x64

112 x 128

X H6 X 256
28 x 28 x 512

TXT7x512
14x14x512 1x1%x4096 1x1x1000

I I

@ convolution+ReLU
max pooling

@ fully connected+ReLU

@ softmax

P35



AR ELFE 2 El15 93 25 - ResNet (2015)
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Y >
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8 O

E -~
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% . 2 3 4 5 6 % | 2 3 n 5 6
iter. (1e4) iter. (1e4)
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QO FREMZMLE (Residual Network)
J  flIFT=: Skip connection

weight layer

lrelu

X

weight layer

identity

Figure 2. Residual learning: a building block.
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||

F(x)+x

H(x) — x

Residual

FiEE £ B {54 3 - ResNet (2015)

VGG-19 34-layer plain 34-layer residual
image image image
cutput
she 224
pool, /2
output
[ xdcomv12s | [ 7x7convea,2 | [ iconv.ea.z |
¥ ¥ ¥
CEh pool, /2 pun&,’l pool, /2
el Y T | [ socomes |
¥ ¥
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¥ ¥
| 3dcnv,28 | [ 3aconvee |
¥ v
[ xdomv256 | [ x|
¥
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¥
[ dcomves |
¥
pool, /2 [(3Gwmw 1872 |
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ste:28 T o 52| [ 33,18 |
i1
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v ¥
[ 3dcomvs12 | [3a@conw12s |
¥ k1
[ 3scomvsi2 | [ 3aconv12s | 33 conv, 128
¥
313 conv, 128 313 cony, 128
[ 33conv,128 | [
¥
[ 33comv,128 | [ 33 cony, 128
¥ —
O pool, /2 [acon, 5672 | o z6n |
size: 14 v v
[ 3dconvsiz | [ 3aconv,256 | [ adcomw2s6 | 5
¥ ¥
I [ 33cnv256 | [
¥ ¥
[ 3dconysiz | [ 33conv256 | [
¥ ¥
| 3dcnysiz | [ a3conv2s6 | [
¥
[ 33conv,256 | [
¥
[ 3aconw2s6 | [ 3x3 conv, 256
¥
313 conv, 256 33 conv, 756
[ 33conv256 | [
¥
[ 33conv2s6 | [
¥
[ aaconw2s6 | [
¥
[ 3aconw2s6 | [
cutput v
e pool, /2 e 3mn;,,512 [ [
[ 3@conv,s12 | [
¥
[ aowsz | [ dcomwsiz |
¥
[ 3w siz | [ dcmwsz |
¥
[ 3aconwsiz | [ 3x3conw, 512
¥ ¥
313 conv, 512 313 conv, 512
output.
) fe 4096 avg*pool avg pool
[ fc 4096 ] [ fc 1000 ] [ fc 1000
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PR 87 El{5 53 :ResNet (2015-2016)
O E1000ZE & LEE BT ALRI!

ImageNet experiments 28.2
‘152 Iayers’ :

\
\
\
‘ 22 layers ‘ 19 Iayers
' 6.7

ILSVRC'15 ILSVRC'14 ILSVRC'14 ILSVRC'13 ILSVRC'12 ILSVRC'11 ILSVRC'10
ResNet GoogleNet VGG AlexNet

ImageNet Classification top-5 error (%)
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FEIRELEE 2 E15 5935 : DenseNet (2017)

QO EZEFEZI80Askip connections

Dense block

Input

Dense Block 1 Dense Block 2 Dense Block 3

lw e ==

DenseNet— iR A EEKNZHIHE

Prediction
' “horse”
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R ELEE 2 E15% 5925 : SENet (2018)

0 Squeeze-and-Excitation Network: BN &FH Ew H im0 SEfRLR

= k=

e

S 2E, SEIINNEMSIEE

EHIE R EEJI(Self-Attention) 1!

|

F.. (W)

Fy Ix1xC

BTINTT
XX

7% A «

e

1x1xC \
Fscale ,)

>

w

C
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HiEL g7 E%49I EfficientNet (2019)
O EIEIEELRE. BE. MARY

0 EfficientNet BO — B7: FREIR <& EfIEI0;

0 BResNettl: oREER, RERIE/NIZEEIR

#channels ‘ ‘
e wider - — |
—_— = ] |
deeper
= | | :
- layer_i F
| + higher i .- higher
}resouionHxw [~ [] ~, resoluton _+__resolution
(a) baseline (b) width scaling (c) depth scaling (d) resolution scaling (e) compound scaling
EfficientNet
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0 EREXSE: FEEDEI AR X
0 BHfF: BRIETMMBREHMX
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ARELTEZ ERIE X 578

pEIRERL: KNSRA—E, BERFTXERENIH
MEEE TEMRERTE XM=

ke : ZEEREEE R/ TFoARE

B : FERAMERFRIERERBERTTASEWA—K
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HRAZZEFRBENSE: RERH

0 Deconvolution (REF) : MAREINEE
a  StridefPaddingtIM{ERR SEGERENIERJLFHE K

Stride=1 Stride=2 Stride=2
No padding No padding Padding=1
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ASEL 552 ESE XL FON

0 ©5EFRMEZMZE (Fully Convolutional Network)
0 i fmiges (BRE) v1FEsE (REHE)

L F B_/jz C channels Stride=2
A 4 x .
0.5x /7 Cchannels Kernel size 4x4
[ A F-- Stride=2
C channels Kernel size 4x4
0.5x C channels
[ A D
0.5x Cchannels
/ at / Stride=8
: 8 i
y 2 5"/ . Kernel size 16x16
T0.5x |
/ // C channels /
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U-Net

0 U-Net:FONZ&i#thly, £ EXRMFBIETREMN FREFBERER
0 EXRFIETRE T ESHEGRETEENARERXFE

input
image

572 x 572

4
\

570 x 570

568 x 568

1 64 64

' 128 128

2842

128 64 64 2
olele output
segmentation
N O cof 0
s 4 & 8 map
> b >3 X
Sl S o 8
il ol ol ™
Zﬂa’lig

512 256

o[l?l?l =»conv 3x3, ReLU
- t Spult=

copy and crop

‘W R # max pool 2.2

4 up-conv 2x2
= cONv 1x1
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. KBRS GAtE)

 [(EHENEXE AR
HUHJJ‘EK IZNEAE I

: A = | SHAIER
DOG, DOG, CAT EFES GAHELFR)

5”&
‘%Fr

R

2
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BRELEZEHAFIRM : R-CNN
- Region-based CNN

o B—#: FMRAHEEEBRAEMAREXE TR XE
o BI¥: FETREXENGHEZERERNSLKZFMEIRE

Classifier head
(FC + softmax)

Regressor head
(FC layer)

input image region proposals 1 CNN for each region
~2,000
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FREL S BHFR4R: R-CNN

0 AIRERYHMR X BN R IR El &R P E THS 2
0 MNEEHRETEARQMNES, [B— 1 CONNIEIITZR !
0 Bk, RNEERS!

O
feature
feature
feature
| End-to-End
training
CNN CNN
pre-computed
Regions-of-Interest mp = i
(Rols) e ——— &
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ARELEEZ EHFRRM : Fast R-CNN

0 RERE: ARNMRXEBNERERLE GFIEED 52
0 X—iKERPFRA R e, ERBREREHRITX!
O RXKINR T R !

pre-computed
Regions-of-Interest mp
(Rols)

shared conv
layers

@ Rol pooling

CNN

) V4

Vo 27 4.7 e 4

e ———

T i e 1 3 AR

End-to-End
training
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AR AL

EZ BAR#M: Faster R-CNN

O =R FRIZ—F RPN 5 R GE YK [X 35

RPN

" proposals

Region Proposal Network AN

feature map
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HEALBZEFEN: EARNEE

0 FHIEEFEM LS (FPN) A B R E RVFIEE 220 B AR

> predict

predict
W

(a) Featurized image pyramid

' » predict
/

predict

I

(¢) Pyramidal feature hierarchy (d) Feature Pyramid Network
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0 ETERHUE, ERESRIHEINERIE
0 MRz R, SERER, 2R, NgEBE
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ARELSEZ GAN: FIatERY

O ERAITHIEGAN: £ RKEEMLZG + F) 7l 25 MLED

0 BeURBAR: FIRFRIEEFIRTAE SR E I BUIE R B B BRI ESE
o MZREES, EEE':._BZEI’J;&TER;ﬁ#U%U S FI AN H B AR
o IMZGFIFNZE, FERESRXSESHIEBSEMBEIE

Real or Fake

Dlscrlmlnator Network

Fake Images Real Images
(from generator) | (from training set)

Generator Network

*

Random noise Z
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BHEE £ GAN: 1i44ERY

0 BfRE# HSLHRE 5 R IR
I%ian r%aX{EmNPT [log Dw‘_il_] T ]EZNP(Z) [1Og(1 — Dw(l@ﬁtzj))}}

= BAEPEG I G BIGANE s B EHE ;
BITHERRERSRERERESHUNILNTESS R
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BIEE £ZE2Z7G6GAN: Conditional GAN

0 Condition ‘y’ {fERE Bias 0¥ Bl s N\ B — BB 5
a YAELREE, tAUEEGRFEEFRIRR

/ Disoriminator Dixly) @ I
ee000

. eeee® (@oo0w®)

Cel T YY Y Y
(XY YY)

_

- 00000 CO0000 -
o i %
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0 CGANAFE1&E1iF

Positive examples

Real or fake pair?

G tries to synthesize fake
images that fool D

D tries to identify the fakes

BIEE £ZE2Z7G6GAN: Conditional GAN

Negative examples

Real or fake pair?
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BHRALE

EZ GAN: Conditional GAN

O CGANATAN[EITheeRy E & ER1%E

Labels to Street Scene

input

Aerial to Map

EAORE; RiEOXY, F

Labels to Facade BW to Color

output

output

Day to Night Edges to Photo

output

output
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HIRELEEZGAN: CycleGAN
O FEPtEIER TEGENE: NEE—XNAIIZEHE (AED

Paired | Unpaired
Li Y
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EIRELEEZGAN: CycleGAN

0 B BFEEGMN—1Ndomaindt #2285 —~domain, A5 Bi% it
o3k, BRAINEGRSREGRE—E; B )GANIRE!

G A G
¥ F
\/
l F l 2 ¥ X Y le-consist
rcle-consis tency | = S\ ﬂ\ ----- loss
DX DY 1 - ®

Leye(G F) =Eopy (@) 1 F (G (7)) — 2]|1]
—I—]Ey’\"pdata(y)[HG(F(y)) —yll1]
‘C’(Gv F7 DXaDY) :‘CGAN(Ga DY7X7 Y)

+ Loan(F, Dx,Y, X)
+ Aoy (G, F),

| 0
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EZ GAN: CycleGAN

0 CycleGANABFEIG X 185%#

Monet Z_ Photos

Zebras _ Horses

zebra —» horse

horse —» zebra

Summer Z_ Winter

Photograph

Monet Van Gogh

Mgt sl S5%

L x‘i;k

4 -
PR 4
[ ] 5# ‘%

Cezanne

N, 7 W~

' < & ,1

S .‘g‘" “\",,‘ n Y
o >

e
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AREL SR BAIES AEE (NLP) {55

SR 2
P =% i)
MLasdE
pRE L
PR EEA
WNIES

NERLE

. EsmpSOsn O O O

TBINRZ N ZE (Recurrent Neural Network)
Transformer{z &l
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FShREZIR: AftABBEERR?

o WEMEFTWES: BIIFRESHERAFHE
o RERE > ZRXFFHE, EERIFLMEXRR

A2 RIEJVEREFIER A RINELF?

o RN#E

o BHEEIRE, Z&HIT

o FRBUIZEHIGIFT: ResNet,GAN,Memory N,GCN,...

o FRIR/3E{EBIF: BN,RelLU,dropout,skip, deconv, attention,...
o HIEQFh: ¥, Mk, mEkEH, @mHE=xEd, ..

o W&FES: TensorFLow, PyTorch, ...

o MHAIEF): TAZLE, =, TAMFE, SERHEEST
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s RS RTEAT? Y

Mz S8 == > RIS

KNI EATD? |y —rama
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- Bl
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BHSATR: MR TRESS)

0 EBEI (—RITE)
o HEEABIBE EFI&—NMER (InsrE8)
o REHEE (FFEEED R4, MmbiniASHAMESHEX
o TEHANEREIESE EITREHITINZERRE

0 ERFIEBEEN, AAENHAFERNIESE
0 AftAEBFI BN

o REURERRTIRERY (ZGE. BN FHIEEBBEESHFT
o FEEFHRESHKLD, BROEUS

P66



ﬁﬁ%ﬁ%:¢ﬁ$ AEFS]
0 BESEY, EEHEERBIEAELEN HRIBE D)

{ES5A £%B £55C
1 1 1

 ZESHE=E

SRR BUER 4y

D67



BHZRTE: IMEATRES S

2 JTEF 3] (Meta-learning): I)||ZrBE4 B iR BYAUFREY

0 fRG R WA—TEEE, WHBIERER
0 TTHRER: WA—AREE, WH—1rE=s
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0 REUNFN/BIE EIERE IR
0 BHL, ®ED, HTHEERIN/ MANLITLF

W ——
before pruning after pruning
pruning ___
synapses
WI P J—
pruning N
neurons
| | \ ) \_I_-‘
¢ channels d' channels d channels
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RANG: EEFRHZMLEGCN

rrrrrrrrrrr @ M""'lé%ﬁ bai @ein
mmmmmmmmm G Remak
@ - Molecular or crystal structure

TR : RIEG I/ A RN TR EEBEE/ &R

0 HkEk: ARTALIRIESE L/ AN TR EREE /&R
) Hidden layer ) Hidden layer )
Original Pooled network Pooled network Pooled network ) [ |

network at level 1 at level 2 at level 3
Inp Qutp
i B N [

L ] L ]
| E— . | . e ®
L L J L \ J

Ying et al., Hierarchical graph representation learning with differentiable pooling, NeurlPS, 2018.
Kipf & Welling, Semi-supervised classification with graph convolutional networks, ICML, 2017 .70



BRI NHERRESE S
A FEIJMTANPNASE2EEENSHPEMNE, MEaH

O AILURETUNSRIAAEN GE: softmaxifi 2FUMLGR)
O LEAENMERREZ I EmeEsE (SrAMmASS 8T

g

tanh

EM——HEIM

X

& w, b, Y’
AAA - (IR + A = [
I& relu ﬁ

B Fr3E B Fhttps://www.cnblogs.com/wuliytTaotao/p/10281766.html D71
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B ENE : BRIHLEEEE SJAutoML

O REZ SIS THEEMADNY, BRERNENEE AR
O AutoMLE AL : BEE RS ERAERENE R Y

a E.g., NAS, DARTS

Softmax

t

Cell, stride 1

f

Cell, stride 2

i N s !

- Cell, stride 1
sep max sep sep iden sep sep max

77 3x3 5x5 3x3 tity 3x3 5x5 3x3 1

&; _/ Cell, stride 2
Hc—1

t

Cell, stride 1

o> :

Image

He2 CIFAR-10
Architecture

xN

Softmax

t

Cell, stride 1

f

Cell, stride 2

f

Cell, stride 1 X

f

Cell, stride 2

f

f

Cell, stride 2

Cell, stride 1 X

f

x N

x 2

3x3 conv, stride 2

f

Image

ImageNet
Architecture

METAUtoML O R AR IR ER R DA BEA R, FIUT—%.. .2
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BRENE: BIEEES

O —RTE:

o NEB—1XLHFREHIED, BIRXRMAENBER—1/HE
AFRZZFNXS N BB 3z 5

o RARXEMFEZRIBINGIHEZEMBIRE
o FNZREF IR AL LI X [R 4R BHE AY B MU E iR R A 3R R

0 AftAB/B?
o RELWINZF SRR P RVIFIEA BE LI BT B AR T

1 AfTABERITEEEFS)?
o ARREE (Ni) ESREBEFNEE (Fis) HIERR
o BREFIAEFIRFINE—LHITEETINZ
o REESHEFRENHRFEEARKED
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BtRENE: BIEEESY
O Rotation net: JIIZRCNNS> K25 B ohFI MBI R IEdE B E

\ Ob;j ectlves

ConvNet 4‘_» Maximize prob |

model F( ) 7 F ( XO) g
o | Predict 0 degrees rotation (y=0)

T

J g(Xx,y=0)

Rotate 0 degrees

Rotated image: X°

|

—> g(Xx,y=1) ‘—>

Rotate 90 degrees

ConvNet%% | > | Maximize prob. ]
model F(.) Xt

() | 7 F(X) 7

= Predict 90 degrees rotation (y=1) |

Rotated image: X' ‘

ConVNet Max1mlze prob |

model F( )

‘ Predict 180 degrees rotatlon (y—2) ’

|

L |
ConvNet Maximize prob. ’
model F(.) F3( X3) ’

‘ Predict 270 degrees rotation (y=3) |

—>‘ g(X,y=2) |

Rotate 180 degrees

Rotated image: X~

ﬂ g(Xx,y=3)

Rotate 270 degrees

Rotated image: X°
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BRAENE: BIEEEY

2 Location net: JIIZRCNNTII A N EG R7E R B P RIMB XL E

— & 8 possible locations

A Randomly Samplo Patch
Sample Second Patch
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BRANE: BREEES

O Shuffle & Learn: DIIZr4= B F1] ¥ JL 5k B & L I
i P 2 75 1E i/

Original video

Temporally Incorrect order
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BRENE: BIEEES

0 BERTIESS 1 : DISRIRE T ) F S # R 5 89 521A]
0 BERTES2: FUNE _AEXEZEE—aEHIEESIE

Probability of each word Yes/No
y O o O e e e O O 1
Softmax multiclass B e J [CLS]: special token, position for NSP output prediction
T T [SEP]: special token, boundary between two sentences
I ! I I 1 1 t 1 t t |
BERT BERT
1 1 1 1 ! ! f f 1 f f
We [MASK] studying deep...... [CLS] I am smart [SEP] and you
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BRENE: BIEEES

0 EFXEeES . CEHEAX vs ‘AR BV ERE
2 SimCLR:[E—35k Bl &R T #t 5 Frig BN R4S EFE B E AU

Maximize agreement

Z; - > Zj
i=g(h;) = WEg(WWh, A
g | H A=A ()
h; hz = f(ff:z) = ResNet(d’:i) hj
fC) £()
T
2N N ; 1
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RARBZIE: AT LAHEMBZLALIUS?

0 ONNTEARZFEHFTELABEE 2 I8 S HUIE L eE#1)IZ4BIIRZE HO.
0 BMEM_EIEMIR S dropoutZ12/E, CNNtL B FE{AFIT!

2.5

true labels

O O

2.0 o—e® random labels |-
A = shuffled pixels
2 1.5 —— random pixels |
() .
o 4—& (gaussian
g 1.0}
=>
(O

o
U

0.0
0 5 10 15 20 25

thousand steps

o ONNFESRESH RN, AlgE R AEZMHEN 1L,
M =k B TONNXTER B IR HERIIC1Z
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RARBZIE: REHRFES

B HBIER?

4

under-fitting . over- fitting

. .
 Teost risk — 5 HlzmE S IBiL

i IRE
Risk

n

o~ N
~ Train; .
Training risk & 71 By =
cweet Spot\ ~ g 1:%9__:%:],\\\%549}1
~a i N

Capacity of H

under-parameterized over-parameterized
pily Test risk
114 = “classical” “modern”
W . _ tmodern”
2 regime interpolating regime
-_Iﬁ‘ Q’j g P g g
= AN

- Tralmng rlsk

- interpolation threshold

—

_ — - — — — — — — — — — — —

Capaaty of H
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RARZIE: BEE/ Ret

0 FEPNREMRE: EE—EBRPMAFERNARRITAZRY
FERE WMRE) , SFBURERMEISEITE!

“panda” T “gibbon”
57.7% confidence 99.3 % confidence
IEEER PO =] PUETIR =N
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RARZIE: BEE/ Ret

0 RBIBGEEEARRR: MRMERESY, BIRELIENE
JRIGHAEIR, EREGEXEREIR (HER) FUlER
O ERKE, AJRUL KA ERRERER10%A T !

0 ATRUHRENEIRE BIRIRIA A EEE — L4 |

Sl |
FGSMF AR BENE D EE B EREFGIRAIA “Airplane” !
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RARMZiE: BEE/ et

O BMEAHEFRERENSH, BABIREREE (EHE
BSH) REFENHER, AXESFERKERR! FEEE!

0 EEWEEERN; HEWE (MEGFHHERESH) ERE!

L] B )X L T 5 2
T A%

0 WNGAER BTSRRI 3E —— P EINE A

O IR BE SR E T A E " RS e AT A
BHITIRE); &5
e ﬁ%ﬁ@wﬁﬁﬁ¢m<wﬁ>@% RT3 A

PHZEDTRFNELSINL;
PAHZEE G ARRE
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0 REFIJEBEN “EET7 ?

o HATMNEGR, xBFMIEMiHiE

o BHE: BREZE—1EIEL T #

A AT LEBITARXITERET?
o RTFASEMET: HIANL TR 2
o SAKKIUST: MM ANIRHEEFUM A9 5 R
o BIFAKRI: HASRMMEFHH
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ARz : BEREARERLHET

O MEINIHESRATREEREN: IS FNER, FEaERANE
% 1, #1545 Epre—softmaxi f, (&K

arg max fo(T) — A1

dumbbell cup dalmatian

—ERZE LB AERE LML T AR T AFERN
GUFFIE, {BIRARRREX ESCEGINFREE R4,
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RARMRZIE: FRARE R BRI

0 MEirtin S RN . &REERENDFIEER

F5 R e 14 4B & AT RS B FIUN A 5 E B9 [ER

C C & C ¢
O O ORI 1O | ¥ —
N N N N y
V V
V Vv /
/A/
—

X 13,

Australian
terrier

Class Activation Mapping

R W,

Class
Activation
Map

(Australian terrier)
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RARMRZIE: FRARE R BRI

Q LRP(Layer -wise relevance propagation): i§fs M —EE 7 E|
MWiANim, SR8 MEEXHL i"’ﬁ)”']ﬂ']fﬁkk]

A ~~‘, R -
S | _ — preductlonf( )
Explain prediction

(how much each pixel contributes to prediction)

Idea: Decompose function

SR - f(@)

\ “every neuron gets it’s share of
relevance depending on activation

. al... O / O and strength of connection.”
T é/f ! O <redistribute f(x)

heatmap Hir® O @ Wi

w38



IRARTRZUE: BKod

4% P4

0 AEKHEZITED: BORFS; afaf=F S FE#h?
1 Spiking neural network: IR KINMHEZ T, BEEEIIGEEREXE
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§
%
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AEE S BaT#RE ZPerceptual Alla)
A~ BB EIEIAAFNHEIEEE S (Cognitive Al
o HBI: ETREEELZMAN-MESGITXR
o KM DR/MmIFRTILEBREEIR

0 RERFHIE
o ETFHSHIZIEEIE?
o BT IEERAREL?
o WMEFAFISHEIR?
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o ANTLBEE: FAFH, BIERKEAIRN/ZH]

o AIRZR (ExR-Ex/BAF/MNMME) . REMERE/NEEREH, W
MAMPRE]; Al =S HRBEHEE Bir-

o BENBREM (AF-MF) : AIFEZEEHRE, REHIER,
HERE], FFEENHATE? RIPFEFLEZITA?
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BT RAREKS,
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R&: ARHILRAIR?

A-#17854 (The Human-Al Gaps) :
EH 1A %A (Conscious)
H5%4 (Emotional)
E {55 (Embodiment)
B4 7E (Limited life)
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