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O 6 O o OO Deep Network Network (DNN):
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o BABIELIE (Universal Approximation) [19904Ft~]
3E(shallow)—1—3ZJ)L>RY MIANZEEDIEE Curlr]ge

- Barron®DiE®E (1993)
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Deep vs. Shallow
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- The number of monomials [Delalleau, Bengio, NIPS2011] O O
- The number of linear regions [Montufar+, NIPS2014] O O
- Betti numbers [Bianchini, Scarselli, IEEE (2014)] etc-- O .
- BarronMEEDILIR [Lee+ COLT2017] O O
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I 2 4JfdiE (Backpropagation)
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M &loss Landscape

[RK, Okada, Amari, Neural Networks (2016)]
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Hidden h
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= saddle points
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=R &loss landscape

- W\ DHh e

- DNNOWEA 3 CAE IFNIE, IARTD £(9)
EIE mhtglobal minima \

Extremely wide nets
[Nguyen&Hein, ICML “17&18] [Gori&Tesi IEEE 1992]

M(DNNDIg) = T GIFES>T)LED

Sigmoid, softplus (#BBE & L CRelLU), CNN &/ < BRIz

- EFILEIFTRLSZILIVUXLBEH UL TLD
SGDAMLocal minimaZziklTH 94 [Kleinberg+ ICML ‘18]
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B6)= 23 (47~ gy (2))’
1=1

« TART—HE
iR —5 ERIRBDRINT—4

NABTERE: T A BT —HFTDERZE, FRIEEE.

DNNOFIEDERILE. NALHEEZ A D XX EXRIEZEDIER.
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“Fantastic generalization measures and ...” [Jiang+ ICLR 2020]
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DNN & S >4 N ADEIR

Lw) : SOALBORE (ZIRTH DI BIE)

O, {8
E (L (w1) L(w2)) = f ([[wi = wa*)
f: RERFEDDTESHIREE

2Ry

@wikipedia

RETRY DODRRERES > KRR — T L DEMHERTRFELL

- EER(FEESNAET, local minimaldiE & A Eglobal minima.
ERENAREZTVWEEEDORIBEDEISHEN. [Dauphin+ NIPS “15]

C FBN(CHBIFBREE/ISA—SIDJILLADEINZS >AE LS DRI D
SANTA—=DERU (||wy — wol| ~logt ) [Hoffer+ NIPS 17]
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S NEBZ1—3ILRY hOFIGHE R

[Amari (1970-)][Poole+ NIPS ‘16]

ui:ZWlehgwbi hi = o(u)

Wi ~N(0,05, /M) b~ N(0,07)

GO O O 0o
¢« SYHLISA—E  eg. HIRHT O O O O O
: O
v O O O O
—a1—3)lxy hOHBNREE TR IIRFEHRDEL
SBUBDFEIEREE AIRMETE
M M > 1
ql:Z( )/M ——) ¢ =0 /chbz )—I—crb

1

HORED (5>59 LAZHDM)

Mean Field Theory (#EtHEHFEEEBND)
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SIUBDOIIRENE BIRMEtE
a M=>1 2 2
ql:Z( )/M ‘ q-a /qub )—I—crb
% HNOR&ED
EARW(C(L,

REFED "G = KEODER EHOERERR

¢(-) = tanh(-) D& =

:’_;_" - (T, = 1.3
-obED — {‘]’u_. — 2-}
ks
451 N f-.-rul — 4‘.{]
O
5
o
0 ) 10 15
input length (¢'~1) [Poole+ NIPS ‘16]

&4 Rarchitecture (shallow&deep, sigmoid, ReLU, ResNet, CNN ...)
(EXUTHBBUTITRSBEE
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S NEBZ1—3ILRY hOFIGHE R

HBIEBOYIEHE HIFNETE
M M > 1 [ 2 2 2
=St g =t [ o (/)
HOXED
BEARB(C(E,

REFED "G = KEODER EHOERERR

&2 Recurrent Neural Network (RNN)DI¥E15 "iEBl”
[Rozonoer (1969)] [Amari (1970-)][Sompolinsky+ PRL(1988)]

PP ESOEFANEERY FERNNTIEMLTOS Q-0

DT, FFHOS— TSR S IFENT N D, @ .
RNNO(EDERD) TS, LTSS 2 RS >

WHEMNSDD. T, BHEEZIRSTE E T D E(ERSA.

“Amari solution” [Crisanti, Sommers, Sompolinsky (2008)]
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[Amari (1970-)][Poole+ NIPS ‘16]
ul — il pl-1 bl nl— b(l R IE wk
) Z 1777 + z Qb( z) O O O O O
N R1222A7 h%(a),h°(b) O O O O ®

Lo — ’U,l OL’U,l- -
Qab_; ?,( ) z(b)/M O O O O O

2

M > 1 qéb - Uzzu /1721D22G5(u1)¢(u2) +U§ | Dz = \/——fd e 3"
E—

_ I— I— [ ! [
up = 95_12’1 uz = v/g'~! (Cablzl + \/1 o (Cabl)QZQ) Cab = qab/q

HIADANCHUTC, Za—0O>OF ML LIRS BN (&S
HBELTWB7s). ADBIOHEBEICIE U CHENGAHE.
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(ESHEEDIE ETRF- 704 A1BE6t%

M
e l l ! A [
_____ Qap = Zui(a’)ui(b)/M Cab — Qab/q
i
[Pennington+ NIPS2017]
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Backpropagation D158 5

[Schoenholz+ ICLR ‘17]

8 !
i L —dlol ) s o = o/(:) Y el W
1] P
M
~l . __ !
@EEJ)I’A q = ;(5?;)2 le :ql+10,?u/DZ[(b’( qu)]Q

- IBENEE R BEDHEK - HRIH'ECD
snfgi(dfeedforward AL X =02 / Dz ¢ (VEe)]?

- (3, EH(FIEE R A

{R7E: Gradient independence

W #feedforward SN2 T77 > H > T IL

S [CHEMNAD )
[Yang 2019] [Arora+ 2019]

20



Backpropagation®¥ 191518

[Schoenholz+ ICLR ‘17]

() MNISTZRER
L-layer net, o2, (SFIHHMEDTIEL

1.0 1.5

#FHE (xy<1)
Forward: ADESHEXBITET/RL)

oo
Cab =

Backward: Z4Jfic /)L LB S

slFRER A=
Red: high
Black: low

H iR
H i

2.0 2.5 3.0 3.5 4.0

0_2
t ™ AhFzIE (y>1)
BOUDESDEEARAESTLRRD
cop < 1

*x At JIVLFEE
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=>4 75 & Dynamical Isometry

w = Wihi—1 + b, hi = ¢(w)

L
Input-output Jacobian: OhL _ [[ oW, D, = diag(¢' (w)))
Ohy

=1
TSGR AROHE/FREECE x = 1BE

BREO—REY ~ X

Dynamical Isometry:
FEEDOFHEI T TR, DMOIAREEER & IR LTz

- BEHBERE(C K DIacobiandD AR N LEET L =128
: , , — Linear Gaussian  (d)
[Pennington+ NIPS ‘17, AISTATS ‘18] — ReLU Orthogonal
[Pastur, arXiv2001.06188] et a O

- DOXPEMETI(F R, BV EN UNE
- ReLU(C (FHHIE (e.q. shift) A E




A

X FR T —FF7TF v COrEAE

* Convolutional Neural Network [xiao+IcmL 2018]

32x32x3 image activation maps

/ 2 ox5x3 filter [http://cs231n.stanford.edu/slides/2018/
1 cs231n_2018 lecture05.pdf]

i ”

convolve (slide) over all
spatial locations

% VT DL (FraILER) Soo IR

——

|

1.0

0.9

¥ il
P
0.8 . 3]
o / MNISTEZZ
Eo.s ,:
0 os [

9]

< 0.4 s gdepth=1250

= depth=2500
depth=5000

0.2 = depth=10000

0.3

0.1

10° 10t 10° 10°

Dynamical isometryZiiti/c 9 #JHET
10,000/&CNNDIFE(Z Bk

€DI(FN ResNet [Yang+ NIPS ‘171, (gated) RNNs [Chen+ ICMIL ‘18] ...
23



HFElT - HEMNEHFIEFTEFELULEH? -

Career opportunities [ edt] [https://en.wikipedia.org/wiki/Google_Brain]
Google Brain Residency Program [ edit ] (2016-2017%)

Google Brain Residency Program![29] is targeted at people who are eager to devote own passion to machine learning and artificial intelligence.
This is an opportunity to get hands-on experience in Google team and have chance to keep in touch with professional researchers with Google
Brain team. The program lasted 12 months.

Within the program were groups of new graduates from top universities with degree of BAs or Ph.Ds in computer science, physics, mathematics,
and neuroscience, or others who come from years of industry experience. They were picked to work with researchers in Google Brain Team at
the forefront of machine learning.

The breadth of topics in this program allowed team members to flexibly combine their professional knowledge with the application of algorithms,
natural language understanding, robotics, neuroscience, genetics and more. Just several months, these new future researchers have already
made a great impact in the research field.

Some of the recently published technical papers resulting from the residency program are listed below:
Unrolled Generative Adversarial Networks | g

Conditional Image Synthesis with Auxiliary Classifier GANs A

Regularizing Neural Networks by Penalizing Their Output Distributiong

Mean Field Neural Networksg

Learning to Rememberg
Towards Generating Higher Resolution Images with Generative Adversarial Networksg?
Multi-Task Convolutional Music Models &

Audio DeepDream: Optimizing Raw Audio With Convolutional Networks A

HERZIREL C S DPUEERBRNBE. RFHIHD DRARIRE(C.

24
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[Karakida, Akaho & Amari, Universal Statistics of Fisher Information in Deep Neural Networks:
Mean Field Approach, AISTATS 2019]

- Neural Tangent Kernel & D3di&

- Batch Normalization D&

[Karakida, Akaho & Amari, The Normalization Method for Alleviating Pathological Sharpness
in Wide Neural Networks, NeurlPS 2019]
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Fisher|g¥kiT5!

—ZFE[O|F T,
00000 .
F = E[Vef(2;0)Vef(a;0)'] z OYOTOTO " f(a;0)
E[-]: A > TFILFES « 0-0-0-0

* AFEERE T OOXKIEEZE DD DA T7 > (TR
Loss(0) = E[|ly — f|I%] Loss
Hessian: ~—
VoVgLoss(0) = F \Wﬂ i

o [BIREAIDEARE. /NS A—FZERITHN D TLD
Dxr(p(x, y; 0)||p(x, y; 0 + df)) ~ df ' Fdf




=JLr==—

o AL

wp =Y WHRT b, hi=o(w) (1=1,2,..,L)
J

e J\S5 A—%4(drandom Gaussian M wr o w? W
OVOTOTO O
AH/FEE: TFEM (> 1) tAIAIA DO
HHE: JFFEC (=00)) OO OO0

« AJBEBrandom Gaussian

zi(t) ~N(0,1)  (E=1..T) gz~ )%

* non-centered network (e.g. ReLU, Tanh with bias terms, ...)

INA 7 ZR3EEO(0, # 0)BDNIFEMHALREERD S D RFEINIEED (f Dzg(2) # 0)
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Fisher|&¥RiTHIDEIRAYIEHE

* FIMDETE A = chain rule (backprop. &[FE4k)

F =E[Veht(z)"Voht(z)]

Ok

= Slo(ulh), Z5l+1wl+1 (l=1,...,L—1)

(i) Feedforward DFRFFZEEX [Amari 1970-, Poole+ NIPS ‘16]

= >_i(hi(t)? /M Qo =22 hi(s)hi(t)/M

(ii) Backpropagation D Fk % Z£8 [Schoenholz+ ICLR “17]

ql = Zz(éfi(t))2 gét = Zz 5%(3)55(@
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Fisher|B¥1T5 DEHF1

M (width) MM+ CRSTVNEE, B (C

N B T —1 K1 L: JEZX
Amaz ~ (L= 1) ( T2t T) R oL T T

L
K1:= qucjl_l/(L— 1) RKo: qutqltl
=1

 JEBIC A=V LI RAEEE 0(M)

E[VofVof'] = Cov(Vof,Vof) + E[VefIE[Voef]
i )\max ~ ||E[V9f]||2

» TS RAECIZV My [CHEIR
Eigenvectors E|Vofi| (k=1,...,C)

30




[

Fisher|B#iT5 DEH1

M (width) MM+ CRSTVNEE, B (C

e T —1 K1 L: JE%X
Amaz ~ (L — 1) ( 7 2t T) M T: SR > T ILEK

- BERRICUT, BIEIEDFIHEF 0(1/M) C
( \
DSABRIREBEEED o |
SRR p ooue b
[Sagun+ 2017] [Papyan, ICML “19] g
Remark: LossDi&%E (or 7 —AHDIESDE) Cross—eEr:ierrZ::/e[Papyan, 2019]

(CRO>TCEBERESDEDSD
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SLARAKIBER 0 = (W0} st B(0*) =0

Amaz (0 — 6’*)2
D)
VT TUNR I DB o
\
?7 < 2/)\ma:c ( ‘
[LeCun, Kanter & Solla, PRL 1991]72 & 0* "

(BX) 1 epochi&millfFz82 Exploded 3
L=4 ReLU on MNIST, SGD -
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Neural Tangent Kernel (NTK) I£:&

[Jacot+ NeurIPS "18]

db;
dt

— =0Vl (Y= ft) Veofi : C(NxPU\SA—55)(T5I

o« FERDODA—S—%1/MTED (or NTK parameterizationZ={E>)

X569 DEER AT D
df

dt

(Informal)

—— =0V fiVof, (y— f)
=: 0; NTK (CN x CN 175!

Output Value
o w

ENRBIENERADES, DFAFTITIE 0.30

dftlin . lin
o =n0o(y — fi'")

DA FZORE—K

0.25F
0.20 _
0155\ ]
0.10}
0.05F

0.0

Train output

— Neural Network
| — - Linearized Model

0 i i Ty
10 10' 10% 10° 10 10°

f.

MNIST; ReLU (L=2), M=2048, SGD+momentum [Lee+ NeurlPS '19]



Neural Tangent Kernel (NTK) I£:&

[Jacot+ NeurIPS 18] [Lee+ NeurIPS

'19]

- BRETILVOIEESM £, (x) = fo(r) + Vaofo(z)' (0: — )

WNBIES B/ (S A— Iz TABBDT
HH(E O(1)TE

o KIBUER f; = fo+ (I —exp(—O0t))(y — fo)

o M-1/2 ‘
nVof ~ M~ M~12

P-M2~1

o KRHFT—Hx (XU THEOJER. Gaussian Process & Zf.
4%, Al E=MNT/=EF)LIEKernel ridge-less regression

(foo(@"))ini. = O(2, 2)

X NTKOS/NEBIEELE EIRE (EEXE, ANDEMREEnon-
X FEENAE (T RESUVHEREDM) (CKBUNRKRIIAEEE

M 2 T3 [Huang & Yau ICML 2020]

TD(EFNDUNREEEADIIE . [Zou & Gu, “An improved analysis of ...

Oz, z)"ly

-poly.activation THIZ)

’ NeurlPS 19] 34



NTKDtEE

o H—FRILOEANIRETRIIIRKFEEZ Drecurrence eq.zfE>TL\D

L

Ous = Y Gi(a,b)gi—1(a,b)

=1

backward Dath Feedforward path:
Z 65 z 65 z Z hl 3 hl 3 M
- FIMEEREZRE
- “Duality” F/M = Vof | NIK =
Vif'

NS A —5ZEfH 2
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NTK regime® "4Mal”

FEHMEN S K E < BENDIRR TIE o “Active” regime
NTKIEFHEDRLIZ N IEEBA N------ X
(e.g. BRIBDMR, /A XDISRHME )

- SMAI Z = HMEIRAY (T RF R | 0

\

I

“Large learning rate phase”
[Lewkowycz+ arXiv2003.02218]

2/ Amaz BleREa =
1.00 i ' —_
I 1 —
| 1 —
0.95 [ 1
I |
0.90 I 1
1
o 0.85 ! 1
e | 1
3 I 1
g 080 I 1
5 I 1
& 075 i 1
| I
0.70 : : o
| == lazy /catapult boundar = i
0.65 : -—— Lati;ulttfgiu*l;:;entdb():ndary gé'%ﬁ @Wlde ReSNet
== \\ide Resnet 28-10 — g, » NS
0.60 | Toy modelG#EHfT. BIRIEN A (D ZRADEET,

07 Learning rate e J’IREE%EEB?; t ~ ln M 36



Batch Normalization (BN)

[loffe&Szegedy ICML ‘15]

&1 —0O>%ZY>T)LICH U TIERIL

l ! £

ui(t) — t; S

u(t) - W H g

ph = Epl(0)] ol = Bl - ()2 = . R
Standard + "Noisy" Batchnorm
EERNICE - ASVSEBETOSRBULR
- SAELYP9 L)Y
LPSS(H)

BNDABD =X/ [Santurkar+ NeurlPS ‘18]

- @& (Internal covariate shifta>#N]) /D EIE

- Loss landscaped2i#aZ{ bz X CTL\BRIEEE ; g
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Batch norm in the last layer

BB DIz, Ef&EMDmean subtractionDH%=EX 3
Fet) = (up () — Ok + Br &k = 1,...c(H528)

IRTE(I) TaM EFIED > TIVETH D KREL, p:= M/T(ETE)
(ITI) gradient independence

pa(k1 — K2) + 1 < Anaz < \/(Coﬂp(/{l — Ko)?2 4+ co)M

K, Ky  IKFEENSETHR, a=L-1
Cl) C2 : 3’FE1IEE§

¢ Apgy PA—SF—DO(M)hBFL O(VIM) N

BHODAET:  E[VefVef'] = Cov(Vef, Vef) + E[VeflE[Vas]"

fe(t) = fi(t) —E[fi]  ElVefi] =0

38




Batch norm in the last layer

BB DIz, Ef&EMDmean subtractionDH%=EX 3

Ky - ﬁgir%_ &D\ E-I_
C1,Co QFE'ﬂE

a =L-—1

pa(k1 — Ka) + 1 < Anaz < \/(C'a2p(/£1 — Ko)?2 4+ co)M

Amax DA —S —h @(M) NS5 4 @(\/M) AN

Hsm0D IR (JARSTHY. (RERM(C(E O(1)

- REEDHICBN
Deep RelLU net TIZE, Aoz = O(M)

- Layer normalization \,,,. = O(M)

E[Vo fi(t 7& Zvafk,

ReLU

0] Ep(w/m n)
— — —Theory (w/o mean)

i @ Exp.(w/ me
Theory; Iower bound (w/ mean)

an)

108
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w/o normalization , w/ mean subtraction
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Dynamical isometrypiiz F CTODFIM

[Hayase & Karakida arXiv:2006.07814]
Input- output Jacobian:

oh
8h§ HDsz DOFETENEEUCIFEKFTH, FIMIFMKFET D
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