REFBDNALIZET 3

IR R DEE

e TEA (Masato Taki
RIKEN, 1 THEMS

)

poRII’nEN

20193/5

LD-I-%

@FEPH

P

X



ZRFZEB AT 3

BRNTHRO LR

) 3P
e TEA (Masato Taki
RIKEN, 1 THEMS

)

F&mna¢

2019.3/5

HEL

a2

4 Sk D
S IRENE

@¥BIEAS



IREMR PN Y XLFAR #HFE

J

ny::



/7~ N

BRAR POV ILHAR #HFE —>

\/ e




h 1wy

- HEEDWE L ? RIREEDHOWE L ?

c BBEILNRSGA—ZEFODIZHEIZ) F W

DILLEE?

- ISR ETNINEKRSICEIDDIZLTW

5Dh ?

LGELEIZSSA



FiEt 03B
AR - WS BOERES

r ~ P(x)



ot BFB

BAMFD - BHFTOEREA

r ~ P(x)

. \ KRR Dstochastic
%EE.ZB\M@ ai@*_%

RAT—25 6. DPHICEATIRHRERNH 72w




HESE RS

BAMFD - BHFTOEREA

T ~ P(x)

. \ KRR Dstochastic
%EE.ZB\I.H@ 73:\1@.*_%

RAT—25 6. DPHICEATIRHRERNH 72w

- DHEDDHD
- BistE. SRBIFEL Y
c SVYZLHEERDBRV: [RERO]) L2 —v, X8




Supervised Learning
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Model = Directed Graph
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VGG16
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Supervised Learning
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T TIVRIRDZR (Zhang et al., 2016)

Table 1: The training and test accuracy (in percentage) of various models on the CIFAR10 dataset.
Performance with and without data augmentation and weight decay are compared. The results of

fitting random labels are also included. _ I, .
L ACETIVERTHEIZRT S

model # params  random crop weightdecay (rain accuracy (est accuracy
yes yes 100.0 89.05
. A yes no 100.0 89.31
Inception 1,649,402 o yes 100.0 36,03
no no 100.0 R5.75
(fitting random labels) no no 100.0 0.78
Inception w/o A no yes 100.0 83.00
BatchNorm 1,049,402 no no 100.0 82.00
(fitting random labels) no no 100.0 10.12
yes yes 99.90 81.22
1@7 yes no 99.82 79.66
Alexnet 1,387,786 no yces 100.0 77.36
no no 100.0 76.07
(fhtting random labels) no no 99.82 9.86
nv&19 - : no yes 100.0 53.35
MLP 3x512 1,735,178 o o 100.0 5239
(fitting random labels) no no 100.0 10.48
, " no yes 99.80 50.39
MLP Ix312 1,209,566 no no 100.0 50.51

(fitting random labels) no no 10.6]
RWEFNTHABEIITETLE D




HobHLZIEEDIHR (Zhang et al., 2016]

Table 2: The top-1 and top-5 accuracy (in percentage) of the Inception v3 model on the ImageNet
dataset. We compare the training and test accuracy with various regularization turned on and off,
for both true labels and random labels. The original reported top-5 accuracy of the Alexnet on
[ILSVRC 2012 1s also listed for reference. The numbers in parentheses are the best test accuracy
during training, as a rcference for potential performance gain of carly stopping.

i‘:lt; dropout zg:il;t top-1 train  top-3 train top-1 test top-35 test
ImageNet 1000 classes with the original labels

ves yes ves 92.18 99.21 77.84 93.92
JYSS L ho oo om0 0233 20T L, Tas L 2043
no no yes 90.60 100.0 67.18 (72.57) 86.44 (91.31)
no no no 99.53 100.0 59.80 (63.16) 80.38 (84.49)
Alexnet (Krizhevsky et al., 2012) - - - 83.6
ImageNet 1000 classes with random labels EAME &t I35 2 BH T 3

no yes yes 91.18 97.95 0.09 0.49

Jao o ono oo yes, o L8nsL o 900 o 02050

no no no 95.20 99.14 0.11 0.56




HobHLZIEEDIHR (Zhang et al., 2016]
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SYELT—RTHDIT Ry 2% DiER (6BCNN)

[D.Arpit et al., 2017]
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critical sample ratio [(D.Arpit et al., 2017)
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Deep Image Prior (Ulyanov et al., 2017)
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Deep Image Prior (Ulyanov et al., 2017)

input noise

MSE
E(w) = [[(z(w) — zo) © m||”



Deep Image Prior (Ulyanov et al., 2017]
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Deep Image Prior (Ulyanov et al., 2017]
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Deep Image Prior (Ulyanov et al., 2017]
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Deep Image Prior (Ulyanov et al., 2017]
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Deep Image Prior (Ulyanov et al., 2017]
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Deep Image Prior (Ulyanov et al., 2017]
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Deep Image Prior (Ulyanov et al., 2017]
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Deep Image Prior [(Ulyanov et al., 2017)

super-resolution (@EETL) HTE 3.



Deep Image Prior (Ulyanov et al., 2017]
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Deep Image Prior [(Ulyanov et al., 2017)
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Deep Image Prior [(Ulyanov et al., 2017)
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Deep Image Prior [(Ulyanov et al., 2017)
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SGO implies Flatness??
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Flatness

LAaL. FiBizesm L] ?

Forany A > 0
max (0, Ax) = A max(0, x)



Flatness

LAaL. FiBizesm L] ?

Forany A > 0
max (0, Ax) = A max(0, x)

For RelLU activation f(x) = max(0, x)

f(Az) = Af(x)



Flatness
Scale Invariance

NN Y = f(sz(W1$)>

Is invariant under scale transformation by A > 0O

Wl —> )\Wl
Wz —> )\_1W2



Flatness

o
Vi

Geometric flatness does not have meaning

Wi

W1 —> )\Wl
Wz —> )\_1W2

Find nice definition of ‘flatness’
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ANExXv v 27
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Small mini-batch — converged model is generalized well

Large mini-batch — converged model is not generalized well

20 40 60 80 100
Epochs Epochs

(a) Training error (b) Validation error

Figurel of [Hoffer et al. 17]
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Small mini-batch — converged model is generalized well

Large mini-batch — converged model is not generalized well
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Figurel of [Hoffer et al. 17]
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KGNy FEillbxXv v 7

Cross Entropy

Low generalization

High generalization
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REWHEALX Y v T

weight update viaSGOD W, 1 <— W,

~ high-dim ‘random walk on a random potential’
whose auto-covariance behaves : Hypothesis2

L E(WHEW?)| ~ |[W! — W23



REWHEALX Y v T

weight update viaSGOD W, 1 <— W,

~ high-dim ‘random walk on a random potential’
whose auto-covariance behaves :

L E(WHEW?)| ~ |[W! — W23

I [Bouchaud-Georges, Phys.Rep.]

W, — Wo||3] ~ (logt)=

t[

anomalously slow diffusion




||w(t)-w(0)||

R (&) Qo

A
o

N

REWHEALX Y v T

distance from initial weight grows logarithmically with
updates (not linear!!)

HWt — W()”z ~ lOgt

* Deep Learning is ¢ = 2 experimentally.

aline - glstance from Initial waight (resneldd, citar D)

e ~b=64
/;’,’ o —b-128

~b=258 =

b=512 =

“b=10:z4 E

S

~b=2048 =

10000 20000 30000 40000 50000 60000 10 20 30 40 50 60 70 80
[terations Epochs

match measure [(Hoffer et al. “17]



REWHEALX Y v T

distance from initial weight grows logarithmically with
updates (not linear!!)

HWt — W()”z ~ lOgt

* Deep Learning is ¢ = 2 experimentally.

Hypothesis2:

The gap comes from ‘random walk on a random
landscape’ statistical model (ultra-slow diffusion)



ANExvy 7L 3

No inherent gap! More iterations!

Hypothesis2 =9 Ultra-Slow convergence

=3 Continue iterations.

Generalization keeps improving (longer than thought)
even without any observable improvement in training/
validation errors!!

—>» time-consuming & computationally costly -
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H(w) = C(w) + g(w)g(w)

~ g(w)g(w) T'—%’%’%}Jﬁﬂ (Scwartz et al. “17)
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SGDO as Orenstein-Uhlenbeck process

FE ! E FE
— A, n
N

n
training error function

%

" 1 Z
neB
minibatch estimate



SGDO as Orenstein-Uhlenbeck process

g=VE

estimate of gradient

2

W41 — Wt — Ug(wt)



SGDO as Orenstein-Uhlenbeck process

RE @ PLOEBRER L D

Ag

QH

Ag ~ N(0,0°])

%

Awy = —ng(we) + \/%O'AX
AX ~ N(0,0T)




SGDO as Orenstein-Uhlenbeck process
BB R TS &, ROERHPHIE

dw(t) = —g(w)dt + \gadX(t)

(SvvanvyEEX)
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SGDO as Orenstein-Uhlenbeck process
BB R TS &, ROERHPHIE

dw(t) = —g(w)dt + \gadX(t)

(SvvanvyEEX)
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1
E = EwTHw = g(w) = Hw



SGDO as Orenstein-Uhlenbeck process
FIToHIIRTSZHoN 3

Peq(w) = Fo emFw STw

E(w)
oxXx e 2T




SGDO as Orenstein-Uhlenbeck process
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SGD as Orenstein-Uhlenbeck process
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Lesson

L INCED

LFEBETRELFEETI 1213, BBEHIKE)
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Spectral Bias

weight clip W « clip(W, K)

%

NN output becomes Lipschitz continuous

%

Fourier comp of NN output is bounded

| (KW>D>

|y(k)‘ S O (' ) Ez



Spectral Bias

High frequency patterns are not learned

%

Hard to memorize delta-function like
special configuration

%

Avoid memorization
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