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Server A @ Sending encrypted gradients

2} Secure aggregation

CD @ Sending back model updates
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Ying et al., Hierarchical graph representation learning with differentiable pooling, NeurlPS, 2018.
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Softmax
He T
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sep max sep sep iden sep sep max
7x7 3x3 5x5 3x3 tity 3x3 5x5 3x3 t t
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" i f
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1
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Architecture Architecture
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o BRI ETEE
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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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2 Location net: JIIZRCNNTII A N EG R7E R B P RIMB XL E
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Sample Second Patch
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Original video

Temporally Incorrect order
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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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0 XS IBERAIMES LXR[RENSHE

L) =Lp(O) + Z %FE(QE — 92,@)2

1 Low error for task B == E\WC

=3 Low error for task A = L2
— == NO penalty

\
\
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0 FNRZEEA: stx GRRIE) BUREIEDRKERVMEENA, 1EH
73 388 XF N Y a0 b ER o A AR A e

0 XNARIZ: BERRENTE 7 R ER X BEAIIR L

Old model
Feature FC n A A A
X —
extraction n classes 7)) =1fi, fz:- e Ju
EDistilling Loss
New model
I 1
Feature
X—> . S0 FC s Y = [ B o futts o g
extraction n + m classes : :

Entropy Loss
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0 AREBHAUETEREE D (BRREENTW)

I I I l [ Grad- CAR/I
Teacher Model

M,_4 (fixed)
Initiali Knowledge Attention Distillation
i WRANES: Distillation Loss L Loss Lyp
Student Model

It Image | I I

New

“Building” Classes
Class Label

Classification Loss
L¢
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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,
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RARBZIE: REHRFES

under-fitting . over- fitting

— R GHEF S EIR

. Test risk
W -
oK .5 '
i : B H R
= S T Miinine ridk (FHi)IZ =R RTearly
-~ '1ralning ris =t n
sweot spor. L o & stopax A A IE M4 150)
~a - =
Capacity of H /
under-parameterized over-parameterized

Test risk

“classical”
regime

“modern”
interpolating regime

M IR E
Risk

~ Training risk:
=~ . _interpolation threshold

—

_ — - — — — — — — — — — — —

Capacity of H

P39



R : REENEFIELABER?

a MR ZERIDouble descentIl R AN A E HIEBRR~T/EFETT
BT, tEEFEINNG R (LAT!

Test Error B
0.8
Model-wise
Double Descent 0.6

Epoch-wise
Double Descent

_i 15 30 45 60 t
ResNetl8 Width Parameter s o
M IRZE K 7
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0 SEIg
o Step 1: T HEHLFIIEHINEGE— D RKIFLZE M LEA
o Step 2: B X KM EHZIEE]|— M4 GE S ALY /)N ZEB
o Step3: A RKMEZE (XN /MLEBEVZEH) BYIRIGRENL#115
1, EFFINEGE—BEIMFESFIEY /N RILEB’
o Step4: (BRELZIMB HIMEENETIRIAKMLEA

FZ R (Lottery ticket hypothesis) : {EE—BENLFIIEILAIK
EREFE—DNMLE, SRAEFNXN N ESHMNEZE
LRGN IE, NHEEITEREA LT KM ZEY T RE .

Why?
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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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RARMZiE: BEE/ et

0 EREEARER: MRMERESY, BIRELENE
JRIGHAEIR, ERENEREREGR (R FllEx

Hir: %ZE—1SREGIZRIES IR, ERkEHL
HY 4 L 2 A

L(6,%,y) ~ L(0,x,y)+ (X —x)" V<L(0,x,y)
0: model parameter; y: label of input x; X: perturbed input

argmax L(0,x,y) + (X — x)T VLL(0,x,v)

X

st ||X — X||oo < €

E{#E: Fast Gradient Sign Method (FGSM)

~

X = X-+¢€ sign(VxL(Qa X, y))
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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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O BMEAHEFRERENSH, BABIREREE (EHE
BSH) REFENHER, AXESFERKERR! FEEE!

0 EEWEEERN; HEWE (MEGFHHERESH) ERE!

L] B )X L T 5 2
T A%
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RARMZiE: BEE/ et

0 ERBEERE—: FRERRREINEZERmEER
O NHRERHEE, BHmMasEmbSmA JLF) —#F
0 XMFXIAER, BmEsRAL— T SEARINESHIE

y/ 4

1l 4
WIS R EF B R B EEEIRAY 7 X5 :
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RARMZiE: BEE/ et

0 EREBEFHFEZ: FIAIEZHIEZGAN
0 XETREE, FAGANSR RV B = BRI Bt

* . 2
2 = argmin|G(z) - x|
0 X EMHIERB FHI TN
A
Z(Q) g *
Seed Random number 0 4 Mlﬂlmlze Z
—> generator . ||G(Z) _ X| |2 >
(R) 2
Zg
>
A

Input image x

T BT S A seeds 2R E FIHEAN T B A R HORE R |
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J7N [F =4 H IO B2 (A .. 7"
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 M|EHRBmRSXATEEE:. REERERSIFEENITES
1440 & P AR RREAR B T B 50 E RV B X 130

Y 4
Australian

C C C C C "\\\ T W. O terrier
O O O O . o 4l - :
N N N N c . 5

v V V /
V

/A/ L—ﬂ
S— g

Class Activation Mapping

Class
Activation
Map

(Australian terrier)

R W,
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RARMRZ 8 : BRRERN®EXTN

Pre-softmax GAP: global average pooling for channel k
Se = E Wy, E Jre(T,y) = > J> _,wkfk'(xay)
k T,y Yy k

Class activation map (CAM) for class ¢

Zwkfk z,Y)

Weighted feature maps

Importance of activation at (x,y) for class c

= D uy Mc(2,y)
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RARMRZIE: FRARE R BRI

0 BEEFRZNAHEENE: BEAEWAEIR, WEHFAHFE

& S iRE

Test patches Network being evaluated

Xig xR ERIE R, IBRREFRZER T M AL v F51E

Top activating patches
For each target unit

7 I
! |
ol
) A

Forward pass all test patches

AR EERZNBEGRXEEESRK—ERN (KK FIEHEX;
T EIRET, AUERRESIRZAURBREERAEXEFA RR) 51,
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RARMRZIE: FRARE R BRI

Q LRP(Layer wise relevance propagation): i M —EE 7 E|
WA, BRISMEENHEZXA)D

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
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IRARTRZUE: BKod

4% P4

0 AEKHEZITED: BORFS; afaf=F S FE#h?
1 Spiking neural network: IR KINMHEZ T, BEEEIIGEEREXE

%_

E;E

=

§
%
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R : IAHNSHE

AEE S BaT#RE ZPerceptual Alla)
A~ BB EIEIAAFNHEIEEE S (Cognitive Al
o HBI: ETREEELZMAN-MESGITXR
o KM DR/MmIFRTILEBREEIR

0 RERFHIE
o ETFHSHNZIEEIE: No?
o BT IEERAREL?
o WMEFAFISHEIR?
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ARz ESAFE
a AlfpIE
o ZEAFE AI-AZ) : {aIipRAIH N/ BIEBXT A5 ?

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?

om%ﬁ%ﬂ.ﬁz'fmﬂ%M%M%L%?

BT RAREKS,
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RARBzik: CB5AF
a AR
o BARI: ANMIRAEESBMAMERELF, WHEMAE!

o IARIEAEIMESRI. X, Bik. EFRBIA(IGERIZFIEZAI
MBS FIBAIFEEZES . TEMER?
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RBVE LG
0 R, RARREES. TEER HEETE
0 REFIRRTAMIES REMRLH
0 CREZIEBAHEMATIRE AR 251
0 REFRIEREZETN #Lf%?h
. ot BT RILEL
0 REFRIEIEZEMNAGFRD
0 AITERER{RAVFR AR FR e £ BN 58
Q M%ﬂwﬁﬁik%ﬂ& %ﬁm%
0 AUBRIRIBHA LS8 XE K 2
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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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