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[LeCun+etal,89]
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LeNet-b
[LeCun etal,98]
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ImageNet
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[J. Deng, W. Dong, R. Socher, L.-J. Li, K. Li, and L. Fei-Fei.
ImageNet: A Large-Scale Hierarchical Image Database. In CVPR09, 2009.]
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[Litjens, et al. (2017)]
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[Detecting Cancer Metastases on

' Gigapixel Pathology Images: Liu et
al., arXiv:1703.02442, 2017]
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Message Passing Neural Net

rel 'I_‘ 7 \) 7 \
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self-loop

‘”I/ E wp ~ 1072 seconds

[Niepert, Ahmed&Kutzkov: Learning Convolutional Neural Networks
for Graphs, 2016]

[Gilmer et al.: Neural Message Passing for Quantum Chemistry, 2017]
[Faber et al.:Machine learning prediction errors better than DFT
accuracy, 2017.]
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Alex-net [Krizhevsky, Sutskever + Hinton, 2012]
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(Convolutional Neural Network, CNN)
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(Stochastic Gradient Descent)
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(Stochastic Gradient Descent)
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R B fckE T % (SGD)

(Stochastic Gradient Descent)
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He, Zhang, Ren, & Sun. “Deep Residual Learning for
Image Recognition”. CVPR 2016.

He. “Deep Residual Network”. ICML2016 tutorial.
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ResNet (Deep Residual Net) ResNet
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He, Zhang, Ren, & Sun. “Deep Residual Learning for Image Recognition”. Al |\| t
CVPR 2016. (CVPR2016 best paper award) exXiNet .

He. “Deep Residual Network”. ICML2016 tutorial.
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ResNetdDZ &

« Stochastic Depth

[Huang,Sun,Liu,Sedra,Weinberger: Deep Networks with Stochastic Depth, 2016] - TRl M
$ EE}—-I I:FI C: }% %J:'_E % EE$ E/\j C: ‘t]] % . Fig. 2. The linear decay of p; illustrated on a ResNet with stochastic depth for py =1

and p; = 0.5. Conceptually, we treat the input to the first ResBlock as Hy, which is
ways e

L Dense N et [Huang, Liu, Weinberger, van der Maaten: Densely Connected Convolutional Networks, 2016]
(CVPR2017 best paper award) ROWRF v 72HWTCELREEZRAWS

 Dual Path Networks

[Chen, Li, Xiao, Jin, Yan, Feng: Dual Path Networks, 2017]
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Residual Attention Network
ILSVRC2017®Object detectionZBFT 1 {1
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[Wang F, Jiang M, Qian C, et al. Residual Attention Network for Image Classification. arXiv:1704.06904, 2017]
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Ren, He, Girshick, & Sun. “Faster R-CNN: Towards Real-Time Object Detection with Region Proposal Networks”. NIPS 2015.



Mask R-CNN

[He, Gkioxari, Dollar, Girshick, ICCV2017]
https://arxiv.org/abs/1703.06870
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Convolutional Encoder-Decoder

Pagling Indices

RGB Image B Corv < Batch Normalization + RelU Segmentation

Il Fociing [l Upsamepling Softmax

Badrinarayanan, Kendall, Cipolla: SegNet: A Deep Convolutional Encoder-
Decoder Architecture for Image Segmentation. 201b5.



Pix2Pix

Labels to Street Scene Labels to Facade BW to Color

input ] out ' input output
Day to Night

input output

: ChaineriC & 2 BE#I¥ &

Encoder-decoder U-Net

Figure 3: Two choices for the architecture of the generator. The
“U-Net” [34] is an encoder-decoder with skip connections be-
tween mirrored layers in the encoder and decoder stacks.

Isola, Zhu, Zhou, and Efros :Image-to-Image Translation with Conditional Adversarial Networks. 2016
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Flat-convolution

(c) Masks (d) Book (e) Standing girl

| Simo-Serra et al., SIGGRAPH2016]



[Gatys, Ecker, Bethge : Image Style Transfer Using
Convolutional Neural Networks, CVPR2016]

[Luan, Paris, Shechtman, Bala: Deep Photo Style
Transfer, 2017] https://arxiv.org/abs/1703.07511
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[Esteva et al., 2017]
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Tumor probability
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duced noise in
normal regions
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[Detecting Cancer Metastases on Gigapixel Pathology Images: Liu et al.,
arXiv:1703.02442, 2017]



[DENSO, 2017]

[ A ISR, TTXEY T HE@J < |1 A /T b4 H@J/\Eﬁ ITI\/Iedla
http://www.itmedia.co.jp/news/articles/1711/30/news089. html]
[[czFzTEi!])] OO DLA] ~/LVFE—XILAIOKRY b7 —L4 IHEW | FEES
VRTTF 4 —F 7| AKRAK: https://robotstart.info/2017/11/29/denso mmaira.html
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[Tian: zi2zi, Master Chinese
Calligraphy with Conditional
Adversarial Networks,2017]
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| [Zhu et al.: Unpaired Image-to-Image
= Translation using Cycle-Consistent
Adversarial Networks. 2017]



More applications

)

[Glow: Generative Flow with Invertible 1x1
Convolutions. Kingma and Dhariwal, 2018]

Crypko, 2018









Generative Adversarial Network

BHiZ Ao L O EgREER L 72,
« GAN (Generative Adversarial Network) [Goodfellow+et al., 2014]
2 DD ESR

Generator: x = G(z)
Discriminator: D(x) = P(xhZ4<%¥))

G: BRDFHz (BLE) HohBERez £, DZiEL O T 5.
D: BiRa DM D FIR. GICHRSNBR WL ST D,

=580 P
minmax B, .. log D(@)] + .y, log(1 — D(G(=))
R D E A B DB %
A & MBI 2 R R

2016-2017(H 7 Y ;9T
GANDOZFEE & : https://sithub.com/hindupuravinash/the-gan-zoo
KGANDMIZ HVAE (Variational Auto-Encoder) & N s AEH L <AHAWLWSLNTWLWS,



https://github.com/hindupuravinash/the-gan-zoo

DCGAN (Deep Convolutional GAN)
T HIAH Ay b FHULTZGAN
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Radford, Metz & Chintala. “Unsupervised representation learning with deep
convolutional generative adversarial networks.” ICLR2016.
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Bonsd, cf. word2vec.

Radford, Metz & Chintala. “Unsupervised representation learning with deep convolutional generative adversarial networks.”
ICLR2016.



GAN Zoo

[OO-GAN]

Cumulative number of named GAN papers by month

300
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Total number of papers

75

15

2014 2015 2016
Year

[https://github.com/hindupuravinash/the-gan-zoo]



StackGAN

StackGAN [Zhang+etal.2016] FUWBBRZERK L TH S ZFNE SEMICEE (B#EKR)

This bird has a yellow This bird is white  This flower has

A jj jz % belly and tarsus, grey  with some black on  overlapping pink
back, wings. and its head and wings, pointed petals
brown throat, nape and has a long swrounding a ring of
with a black face

This bird is grey with white on its
chest and has a very short beak

Stage-1 Generator
z~N(0,T)

(a) Stage-1
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% AR

(b) Stage-II |
1

This bird is grey with white on its 0,1}
chest and has a very short beak

This bird i grey with white on ifs
chest and has 2 very short beak

This flower has  This flower is This flower is This flower has  This flower has
This flower has  long thin pink, white, white and upturned petals  petals that are
Text This flower has  a lot of small yellow petals and yellow in yellow in color,  which are thin dark pink with
description petals that are purple petalsin  and a lot of color, and has with petals that  and orange white edges
white and has a dome-like yellow anthers  petals that are are wavy and with rounded and pink
pink shading configuration in the center striped smooth edges stamen
ry
|
64x64 N
GAN-INT-CLS E% ﬁ ? /f
[22]
256x256
StackGAN StackGAN




Style-Based Generator
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Fully-connected
'T;E PixelNorm
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Upsample
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(a) Traditional
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Latent z € Z . Noise
Synthesis network g
Normalize Const 4x4x512

Mapping

Generative Adversarial Networks. arXiv:1812.04948] (0) Style-based generator
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f-divergence D&/t \

f-divergence:
DD (D L5 mb0)

po(x)

j (x )f<q(x)>
GANI(ZJensen-Shannon

divergence 2 IS

f-GAN [Nowozin, Cseke, Tomioka, 2016]

Wxt DR

Bregman-divergence:

BR (#)

ESTIMATION
IN MACHINE

LEARNING/
M xshi ugmm:'

Talll |
Takafumml Kanamari . 7
1 B ‘ :
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= [[4Glr(60) = £ + FaCN}dx - [ poGOF G dx

BHDOREL & DBregman-divergence

%E%&E@ﬁ;‘f%ﬁL B-GAN [Uehara+et al., 2016]

_/

[Sugiyama, Suzuki, Kanamori: Density ratio matching. 2012.]



f-divergence

e f-divergence

Dy(pllg) = /q(x)f (%) dz £l MBI

« KL-divergence
Dk, (pllg) = /p(:v) log (%) dx (f(z) = zlog(x))
« Jensen-Shannon divergence

Djs(pllq) = %DKL(pH(p +4q)/2) + %DKL(QH(p +q)/2)

(f(x) = zlog(x) — (1 + x)log((1+ x)/2))
GAN & DOE8% -

max B, - [log(D(2))] + Ezngllog(l — D(2))] = Dys(p”la)
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c DHREIDERHAER TCET NI A2

TNV THR WL

« Wasserstein GAN (Metz et al., 2016)

>WassersteintEgf % F| FB

> OO0 HDOYR— AT N TWLWTHwell-defined

>R L1 2R

« MMD GAN (Li et al., 2017)

> h— 3 ILEICK 20/ EEE (Maximum Mean

Discrepancy) % )



Wassersteinipgf & Z D {ffi

- FE D AUNE SR ER B
D(P||Q) = sup Ep|f| — Eqlf]

ferF

f(x) & L Tf(X)=xDHERAWNITFHEOEZ R TWE Z L ILH S,
e TX)ELT, TX)=xBLUPTX)=X2HZZANII-XRE—AV FDEHLERTE 3,
e FELTHDELWEABMODEESZEANIEI DD IEEE" 2725,

e 1-Wassersteinfb &g
F=1-U7sy VEanionts

W@l

vy eyl

« MMD (Maximum Mean Discrepancy)
F =H5BBERKE L)L hZEEOHEAIEK



Wassersteiniegfic DL T
o |EXEREE] DB EDHNS

inf / c(x,y)dm(x,y)

mell(p,v)

04375 % B E L 7= 84575 0 R /ML
(W1t e(z,y) = ||z — yl|)

e DY R— AT N TULTEHwell-defined
c EXHOEMAKRKIEEINTLS

CICSESSEY
inf /c(aj,y)dw(aﬁ,y) — sup {/wdu + /qﬁdu | (z) + o(y) < C(%?J)}

mell(p,v)







Somewhat related to the image

A person riding a A skateboarder does a trick A dog is jumping to catch a
motorcycle on a dirt road. on a ramp. frisbee.

7(—“' A group of young people Two hockey players are fighting A little girl in a pink hat is

= playing a game of frisbee. over the puck. blowing bubbles. A refrigerator filled with lots of

food and drinks.

A herd of elephants walking A close up of a cat laying A red motorcycle parked on the A yellow school bus parked in
across a dry grass field. on a couch. side of the road. a parking lot.

Google (C & 2 ERANXED BEIE AL

[Vinyals et al., Show and tell: A neural image caption generator. CVPR, 2015]
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2 ENN

A%E - $ ) &  z=m- 0 ©
rETEIEMFTED—  |s depth learning a
FAECIN? method of machine
Shinsd gakushi wa kikai gakushi no learn mg'?

chishuhodesu ka?

CDEEZTDTHIZITES How can | make this
ThIELLDH teacher mushrooms

D5, =D BHITIFE How can we live
kR FEIAY ahead?




BERT

- BINE:E BIFAEgIFEETIL,
XE - ”:wﬁﬁﬁﬁ“

°
R . . W
« BEXX7IEZDFKREZ AL Tine tuningd ALl & Ly,
=] v=E=
- ZLOMBETHEETWE. .
Label
—
BERT (Ours) =) - (&)
[ T, ] [ T, ] T BERT BERT
o] R ] = ] - [=]
Trm Trm Trm T T ir 1 -
:
\
Sentence 1 Sentence 2 Single Sentence
Trm Trm s Trm (a) Sentence Pair Classification Tasks: (b) Single Sentence Classification Tasks:
MNLI, QQP, QNLI, STS-B, MRPC, SST-2, ColLA
RTE, SWAG
Start/End Span o]
E E E b
BERT BERT
System MNLI-(m/mm) QQP QNLI SST-2 CoLA STS-B MRPC RTE |Average
{s k R 2 ~
Pre-OpenAl SOTA 8();())/'28]:31 16661];\ 18281( (;7}5 j:](() ;]7; ;(jg 81517\ 74.0 EI IEIE' IEI E
BILSTM+ELMo+Atin ~ 764/76.1 648 799 904 360 733 849 568| 71.0 L e e = =
OpenAl GPT 82.1/81.4 703 881 913 454 800 823 560| 752
e memi AR nr ol b b o
|

Table 1: GLUE Test results, scored by the GLUE evaluation server. The number below each task denotes the .

number of training examples. The “Average” column is slightly different than the official GLUE score, since Question Paragraph Single Sentence

we exclude the problematic WNLI set. OpenAl GPT = (L=12, H=768, A=12); BERTpase = (L=12. H=768,

A=12); BERTLARGE = (L=24, H=1024, A=16). BERT and OpenAl GPT are single-model, single task. All (c) Question Answering Tasks: (d) Sing|e Sentence Tagging Tasks:
results obtained from https://gluebenchmark.com/leaderboard and https://blog.openai. SQUAD v1.1 CoNLL-2003 NER

com/language-unsupervised/.

[Devlin, Chang, Lee, Toutanova: BERT: Pre-training of Deep Bidirectional
Transformers for Language Understanding. arXiv:1810.04805]
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j=1
AHEBEDM > 0o CHEBEDOEM ZEEDBETHEUTE SN ?
(MFE0REH] © [FEORBE| OBKIZED L S LBEHERAEZ 2 M IHKE)

WS 7 A FEEECPReLULG S FREE A BT 5.

‘ - .
N7

e || srpepes | oopg |
Activation functions:
ReLU: n(u) = max{u,0} Sigmoid: 7(u) = 1+exé(—u)

1
|
_]!

KliZFfEEnayry /.o N ES
= BH, ‘a2 —7)xy O BESFRIRER", 2015.



B\ RH

BIRAEEL (3ENN) =R)ESEy
fx) = D i W'T?(V%TX +b) =~ f°(x)= [h(w,b)n(w'x+ b)dwdb

A >
bl

(Sonoda & Murata, 2015)

§§\\;<,~rzfq>;/¢7
DERRRRERX

« RidgeletZ#a(Z & 2281 (FourierZ#DEHE)
e 3ENNI|ZridgeletZ#HTIoNZER (FEE) I21T-C
DhOR-TLS (BAOE) 41 X—=



~

f(x):/ & f(w)dw  (Fourierzif) O
Rd

wE: [l <o GOGO

(T4, Yi )iz +1d.d. flx) =EY|X =2 &y =f(x;)+e)
“EBZa—J)xy bT7—27 D N{LiEZE (Barron 1991, 1993)

“EBZa—Jlxy bT—00OhBEDIELHTE
SfNFEL TRE WY

A 5 dlog(n
E|If - fI3.p0] s0<\/ et )>

SEMAVRER DSt - n(—z) =1 —n(2) (MDL, PAC-BayesHyf&4T)
17 lloe < o0

.

lim sup n(2)/[z|P < o

zZ—r— 00



Bl V=@ x—tv by cvrhlEEDI -y M A
ﬁ@ CEPHIIEEOREMAFEORE CIHLTE 5.

FESERYIZIZ2 ICSYVMOIEEERICE A > T <.
(5] : Gaussian kernel T REM)

TRV ALRLD A ?

Q: Tl
ARSISH L THEBRNICRBAD®BEKRT 505,
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Montufar, Guido F., et al. "On the number of linear regions of deep neural networks." 2014.
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« ZIBTINER, T YV IVERIT [Cohen et al., 2016: Cohen & Shashua, 2016]
EHIFIL DR

« (X% bR A< — [Bianchini & Scarselli, 2014] @ | /)] | 5 5
< F 5 (Pfaffian) O S ooy e e

o U —2#4a + FHEIEEE [Poole et al., 2016]
18 & A A ERER

NFME D= WL, FFICEZ R
95 TIHETY 5.
{2x (0<x<1/2)

2(1—x) (1/2<x<1)
0 (otherwise).
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E4CRRCERYY

g(lx?) = g(xf + 5+ +x3)

gldBesselB#U& TTICIBAK MMWWWWW

B (FREEZE) : O(poly(d,))/ — F T+5H
= (FEE—E) : Qlexp(d,))/ — F D E
(Eldan&Shamir, 2016)

i

i

B HAETTIAERELNH D
thﬁ\bg%‘ﬁﬁ EEEAREITIEAA)

(b /B C EEESA T
g EUERAE S




XA DRIR

« FEOXNEFEZ(RY - R)IEFE X [log,(d + 1)]DReLU-DNNTFEIR R AE
o B HiENRW, HtIEKDOReLU-DNNATFEE L T, N &G

K(<k)YDxy b7 —27 TKRIRT BICITERE WYY — 10 0E,
(Arora et al., 2018)
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A EREZ DI

- 5% * ReLU-DNNTIxL
p:[0,1]* = [-1,+1], ¢:[0,1]¢ = [27F, +1] :rkZHER
p/q %ReLU-DNNTHELLL 7= L
#HHReLU-DNNfAFEL T/ — FEEFELERENRD LD ICHRZ NS -

/ — R IR Eys @)
O(poly (k.. d)poly(log(1/¢))) Sup O @ | =
« ReLU-DNN7Z B IEEIZ Tur il
k-BTEED ./ — FEmDIERDReLU-DNNFIZXT L T4,
REEFLEREDUT THIZ o N5 BEREHp/qHhFIE
REL (DRqENTpDREUDBALE) VElEE 3 (@) p(z)
Lk sup r)———=| <e€

TS U TIERGICIE X
« ReLU-DNNZ ZIE Tl :  Q(poly(1l/e)) OREAMHE
SHIEREHIC LR TEREAAEL



A EREZ DI

- 5% * ReLU-DNNTIxL
p:[0,1]* = [-1,+1], ¢:[0,1]¢ = [27F, +1] :rkZHER
p/q %ReLU-DNNTHELLL 7= L
#HHReLU-DNNfAFEL T/ — FEEFELERENRD LD ICHRZ NS -

J— R TR f(z) - PO <
O(poly(k, , d)poly(log(1/e))) voome I T @) =
4 i
. RelLU-DN] T
k-ETH 3 P
R 3
7.
K (58
* p(x) <e
O(Ic ! q(z) |~
0 °
. ReLU-DN] 2

-1.00 -0.75 -050 -0.25 0.00 0.25 0.50 0.75 1.00

— BB LN TERIFAYE L



B oH B DR by ReLU



ReLUDFRIAH

- ReL USEMALEISL

n(z) = max(z, 0) = (z)4

0 s

« WL fEDONTWS \ C
(LeakyReLUZ Eo@EL H B MW7) A XX —F)

 METHIEE LRI N D DOH S
> e blaE L & V)
> (X9 H) Bo I BEBOHTE
> X iR A DRI
> B BRI D FRIE
>ER DT vV IVIE, BREMDORKIR




B S H B E DRl (Yarotsky, 2016)

X BEEL DIEEX 1 // \ | h(x)
» ol SO
cNHAETCOER ]

2x (0 < x<1/2) h o h(x)
h(x)=42(1-x) (1/2<x<1) T
0 (otherwise). ANV ARNANNAY hohoh(x)
Ri(x) = hoho---oh(x).
k t?;wes
2 REGE DIl (Telgarsky, 2015) -
1 o X Z 2" 2k Rk < 2" 015 |
k=1
BxENS I L TEMMICEELNFDS
B, BB 1=y MK O(log(l/e))b

[ FRE1EDHES . Q1/Ve) ] e (%I%WO%M ﬁzoglogg;f 085739 |




ZIAT, DB R

« ZREH-BITE
(x+y)* —2° —y® = 2wy (B L EI#ReLU TR ATAL

s BB -ZIER
(ZRESEA SHELL 72

= x@x(@x () mrmaeyELER)
mt;;nes
—D D calz—m0)*  (RLEEADETSEREMA)
o <m

— B O DGR DELUF




B L DS DB

B € (0,00), m=|f] B oM RO 7 X (Holder class)

FAK) = {f | max ||0f||« + max  sup 0%/ () = 07 (y)| < K}

jaf<m al=m ge(—117a |z —yPmm

« BONBBEEOBFRIEM (5747 —ER)
~ ™
ap @) - 3 LI 0 agel < oary?

2|2 =20 00 <6 a!

la|<m
Y
\_ mR %I,

I
. BRI NJ=e

4 l ) i
d
sup  |f(z)— >[I0 -6 wy — @o4l)+Reo ()| < C(d6)”

— d .
z€[-1,1] ro€D(0) =1

_ 1% )

(Yarotsky, 2016; Liang&Srikant, 2017)
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HEE

— 2
1 _d
0, <5—d> x O(log(1/€)) = O(e 7 log(1/¢))
\ J
[
CEDINT A= R

;4
/‘Eﬂz/\i' DI HEIC

7
g O(e 5 log(1/€)) f#th@ : O(log(1/e)) oz b7 —2

HEVEL, TEl&Ew, 3|E—b“ O0/85 X — &2 #s Ev N

L : :
F(Lyw, ) DEENNETILDE

FEFE DN LIRE (Schmidt- H|eber 2017)
fftmEL = 0(log(n)), HEEw = O(n_mlog(n)), JEt O EEs = 0(n 26+dlog(n))

ICIEDIAD D

f: arg min i — f(x))?
g min ;(y (@i))
; * (|2 —Qi 2 —RvIR
ULf = %, pexy) < O(n™ 28+ log(n)”) EdEL — I“J

=
co(ZTT )
VIS

E(llf = £, peoy] < -
N TR INA

__B . —
€e=n 28+d C/N7 K




i 2

+ 3EBNNIZB =25 CLABEL — FEEH LA L.

]
aob
(QYAY

cBIBDARS =910, 5EADHIET, UTOETIL
LRETES. o

e FUYLBETI  T@=>_ all_ fr)

« —MRALILEET IV fw =0 f)

» ERRDZEE LR T 5 2 & TRDE O A BB OH
TP AJEE (2@t sTE ) (Petersen&Voigtlaender, 2017;
Imaizumi&Fukumizu, 2018)

c XBH Y b T =T DNRIX—=ZPDTRHLAONT WD
(Liang&Srikant, 2017) Q(poly(1/e))
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B2 DN FE T B 24

B 0f (x) + (1 = 0)f(y) = F(Ox+ (1 -0)y) (¥x,y €RP,0c]0,1])




HIEFE OB HBEIEIEN

TR B A2

« FENNOBFHRER X2 TREBIRER !
Kawaguchi, 2016; Lu&Kawaguchi, 2017.

X172 LW RISBEAZNND &,
— BRADNAKENRER TCHAL I LOERELHEINTWS
(Yun, Sra&Jadbabaie, 2018)

« K7 > 71T O RATNRIEMR L2 T KRR &IE A
Ge, Lee&Ma, 2016; Bhojanapalli, Neyshabur&Srebro, 2016.

min > (Y — (UUT),)

UeRMXk
(ij)eE



3 BNN-FERRAZ & 1L B2 -

— == — —— =L

" EBOEATETET DIKE
(Tian, 2017; Brutzkus and Globerson, 2017; Li and Yuan, 2017; Soltanolkotabi, 2017;
Soltanolkotabi et al., 2017; Shalev-Shwartz et al., 2017; Brutzkus et al., 2018)

i EE ZboLDHAEHNT
y = Zj vin(w; @ +b;)

e Liand Yuan (2017): ReLU, AHIEH Y ZADHmEIRTE
> SGDIZZIE R CABR S ERE IR
P HBOLAF 20 R 26
— EE DS~ < PR + 0B TOhE@E{ b B ER P&
« Soltanolkotabi (2017): ReLU, ANIZH Y 2D ZIRE
> @5elE (> > 7TV A X) 75 o B ECE TERE R I HRIZIR
(Soltanolkotabi et al. R017) I == FENBEE T L Vg W ERE)
e Brutzkus et al. (2018): ReLU

>R DRI EE T — X i b B v b '7—7’CE}J75\L7L:SGD61
N RERERAEICARETINE L, ﬂ”’“ﬂ L 72

&/ —+t 7O kOy OBHICHA Y IKRTE)

Li and Yuan (2017): Convergence Analysis of Two-layer Neural Networks with ReLU Activation.

Soltanolkotabi (2017): Learning ReLUs via Gradient Descent.

Brutzkus, Globerson, Malach and Shalev-Shwartz (2018): SGD learns over parameterized networks that provably generalized
on linearly separable data.




“EHDODEALENTETE S LR UMRE A
T B g MM TWNBDTXED
=3 o)z + b)) SEREBEHITE

Y= Loy DI 0 mWZ EITER.

« Duetal. (2017): CNN % &4
> Btk IIBFRERED H > THIEYE O DFESK THIEEREE
— 7 v X LPEM = B2 AT 2 13 S W EEKR TR
> A AN EIRE

« Du, Lee & Tian (2018): CNN, VjEE7=AFEH 7 X A TKIZHY
B 1B i ~ D YR % (R L.

$BHAFIo A€y b T

ZOMo 7T 7a—F
o TUVILDERER W KEHNEREY DR Ge, Lee & Ma (2018).
o H—FILEREIR+Frank-WolfesE (2 & 2 5581t : Bach (2017).

Du, Lee, Tian, Poczos & Singh (2017): Gradient Descent Learns One-hidden-layer CNN: Don’t be Afraid of Spurious
Local Minima.

Du, Lee, Tian (2018): When is a convolutional filter easy to learn?

Ge, Lee & Ma (2018): Learning one-hidden-layer neural networks with landscape design.

Bach (2017): Breaking the Curse of Dimensionality with Convex Neural Networks.




N EREL— AR

- HhErFHEH-IRBEIILEISITFEALFERICEHESIIS
IEE L

> RE LA AV SR LW e od
> Strict Saddle DIRTE cepzuy) U Lo
AR, BERETE, EEAE O el
el = A S A @A

Fig. by Staadt, Natarajan, Weber, Wiley;--Hamann (2007)

Lee, Panageas, Piliouras, Simchowitz, Jordan, Recht (2017): First-order Methods Almost Always Avoid Saddle Points.
Lee, Simchowitz, Jordan, Recht (2016): Gradient Descent Only Converges to Minimizers.

« IFERPAREIZESICIZE S EIRITHEHT OITRIT
[ZBS L TIHRHEEALD S,

Du, Jin, Lee, Jordan, Poczos, Singh (2017): Gradient Descent Can Take Exponential Time to Escape Saddle Points.

O /A XZT/EDIETHRIDDIRITOND.
>SGD, MR EL & ISBAT

Jin, Ge, Netrapalli, Kakade, Jordan (2017): How to Escape Saddle Points Efficiently.
Jin, Netrapalli, Jordan: Accelerated Gradient Descent Escapes Saddle Points Faster than Gradient Descent.

o e © e

é * g e sadd )




g% = [B]iE 0D 77 7%

« Bl o)EEA~DEA

JARETEEDS

fort=0.,1,... do Gy
if perturbation condition holds then /
X: — Xt + &, & uniformly ~ Bg(r)

Xep1 < X — V(X)) (@O AEE)

Jin, Ge, Netrapalli, Kakade, Jordan (2017): How to Escape Saddle Points Efficiently.

b AN ‘\ PR
LA,
= 1‘.1‘.‘5 N

£ bt 1
FFFr ey

o IMRDBLENDEH

1: vp+ 0

2 fort=10,1,..., do

3: if |V fi(x:)|| < € and no perturbation in last .7 steps then l Partrrchatinn

: XXt G UnfBolr) g3 g 5 TWZ 55D / 4 XERHE THH
5: Ve +— X+ (1 — 8)v,

6i: Xe1 Yo — MV (¥e) } 7][] ’_JEE,f AGD

i: Viel &— X4l — X

8 if f(x) < f(ye) +{VF(¥ve), Xt — ¥} — -} |lx: — ¥i ||E then Negative curvature

0; (X¢41, Vis1) + Negative-Curwv: 11;111L\-E1p1u11;¢1t1u11|;14 Vi, 8) } exploitation

N oF EiniEh o ECBETAREZRE

Jin, Netrapalli, Jordan: Accelerated Gradient Descent Escapes Saddle Points Faster than Gradient Descent.




SGLD

« Stochastic Gradient Langevin Dynamics

GLD: X, 1 =X;— UVF(Xt) + 2775_1& (Euler-Maruyama scheme)
gt’\qu(oal)

1
SGLD: X, = X, — Uy > V(X)) + V20871

1€1Rp
§ e

Stochastic
dX; = —VF(X;)dt ++/25~1dB;  (Langevin dynamics)

[Welling and Teh, 2011]

EEHm: 1w xexp(—FF (X))

S [Xuetal, arXiv:1707.06618]  FO@EHAFHFDOH & (FETOK), GLDI
CBEod, BURH)

de® 1 N T e
T =0 (i log (—)) Bl DB CRIBMBIRERE & DERED ¢ UT
¢ ¢ SGLD % % B3 ks i UV, (w.h.p.)




Sharp minima vs flat minima

SGDIF 77 v FeRBRER]| (ZBPT LB AbEsEZRT
EWLWDER

Training Function

-
T i Testing Function

- L-f" e : : \ ) T
~_ "k s T : : oo
i ST P - . O AU

Flat Mmlmum Sharp Minimum
Keskar, Mudigere, Nocedal, Smelyanskiy, Tang (2017):
On large-batch training for deep learning: generalization gap and sharp minima.

1
0y =01 — b Zvef(zij59) c [ 7Ty b EWOBERISEZERDERY
| j=1 | FHIZE DD oEBERDS LU E WD L),
Y .
(Dinh et al., 2017)
~ AN ’
=1E D *PAC-Bayes|Z & 5 &4 (Dziugaite, Roy,

— VALY —7IE7 T v PEREEIC 2017)
EEFYRT L



Over-parametrization
« EIEDYL W & BT REREN NI RIE/EICR 5.
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[Du et al., 2018; Allen-Zhu, Li & Song, 2018; Li & Liang, 2018]
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Information Bottleneck
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New experiments reveal how deep neural networks evolve as they learn. I%j\( c}~ | 5 %E G) }_ %’TE 75“&]% i % , é: L \ ,) EFE
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A INITIAL STATE: Neurons in Layer 1 encode everything about the input Re I—U L“‘ —a— 6 C\:- Eﬁ/ﬂﬁ b\h:t—e- % 7LCL L A t k’ AR %%ﬁé%m % :6 .
data, including all information about its label. Neurons in the highest A N N
layers are in a nearly random state bearing little to no relafionship ]\jj —:F—T$ E'a{% D 37) 5 EILB%\ Ba'f% D 7’.3: W LLB
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Epoch

B FITTING PHASE: As deep learning begins, neurons in higher layers
gain information alout the input and get better af fitting lalbels to it. = g e 2
C PHASE CHANGE: The layers suddenly shift gears and start to “forget”

information about the input. i
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COMPRESSION PHASE: Higher layers compress eIl representation - =/ 4+
of the input data, keeping what is most relevant to the output label. ﬁ/\JT L 5 é: L K %%ﬁ%u%,
Tishby, Pereira, Bialek (2000): The information bottleneck method.
Tishby, Zaslavsky (2015): Deep learning and the information bottleneck principle.

Schwartz-iv, Tishby (2017): Opening the black box of Deep Neural Networks via Information.
Saxe, Bansal, Dapello, Advani, Kolchinsky, Tracey, Cox (2018): On the information bottleneck theory of deep learning.
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« Adversarial example

“panda”
57.7% confidence
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8.2% confidence 99.3 % confidence

[Szegedy et al.: Intriguing properties of neural networks. ICLR2014.]
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