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1952: A. Samuellz&dFzyvh—X7055 L

BaTR=FE
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1957 :Perceptron, —2—sixyro—sn %+
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[LeCun+etal,89]

10 Output Units
Fully Connected

~ 300 Links

Layer H3
30 Hidden Units Fully Connected

~ 6,000 Links

Layer H2
12x16=182 B
H2.1 W%
Hidden Units \ P 40,000 Links
FE from 12 Kernels
5x5x8
Layer H1 8
12x64 = 768 =
Hidden Units v
1.1
/] ! ~ 20,000 Links
| from 12 Kernels
. [
256 Input Units

EH;ANIA+ T = T

LeNet-5
[LeCun etal,98]

C3: f. maps 16@10x10
C1: feature maps S4: f. maps 16@5x5
6@28x28

S2: f. maps
6@14x14

|
Fullconrjlection ‘ Gaussian connections

Convolutions Subsampling Convolutions  Subsampling Full connection

BRELEOLNTWDEEE
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Alex-net [Krizhevsky, Sutskever + Hinton, 2012]

==

BHARZ1—F )Ly b %5 BEAEN (+pooling+3BDEHEEE)

ENS EAN
28 B 192 128 2048 7oag \dense
55
13 \ 13
5\ | AT
224 s A 3‘ 1F | °
ol e 13 dense’| |dense
SN s Jo N 1000
N 192 128 Max || ||
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220\ Istride Max 128 pooling
Uof 4 pooling
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ImageNet
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ImageNet: 21,8414 7 3V, 14,197,122/ DFFREIERT — X

[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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Classification error (%)

30
L-,,xmgg%az

M

20
15
10
I =
0 i — —— — —
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(Convolutional Neural Network, CNN)

1 1 (C1) 4 feature maps (52) 6 feature maps {C2) & feature maps

sub-sampling layer k convaolution layer h sub-sampling layer l fully connect ed MLP

A
1 1 | | |

N SUN T—1vg BHAHKR T—V T EE

BHRIAMRE T = VT HTHICEAENRS
REICEEAEZEND,

> EMIAA (Convolution) @ /X% — > O H

> 7 —1) > 7 (Pooling) : BENNZ 4% &S

> %54 (Fully-connected) : S &A1 525 % 1
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R B fckE T % (SGD)

(Stochastic Gradient Descent)
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(Stochastic Gradient Descent)
RILWT—2hH 5 & (2@

=

1 n
in — 4 79
mwl/nnZ; (23, W)

J

{0
RZRHEEZDE L TERBICNE

LB DL)EFETE - ERP D) ECPETE -
BRIODEFTT—RE2—2(FEPE) LHEAHEWN
t=1
— el
=Z I
_
[
=3 2
=




R B fckE T % (SGD)

(Stochastic Gradient Descent)
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CIFAR-10
20_ ............
56-layer
) 44-layer
%w P — 32-layer
2 S — 20-layer
\ N
> plain-2 -
plain-3
lain-4 . .
e . . . | solid: test/val
’ : 2 ieqen | 6 dashed:train

He, Zhang, Ren, & Sun. “Deep Residual Learning for
Image Recognition”. CVPR 2016.

He. “Deep Residual Network™. ICML2016 tutorial.
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ILSVRC'15
ResNet

28.2

(

22 Iayers ‘ [ 19 Iayers ‘ I I

LSVRC'14  ILSVRC'14  ILSVRC'13  ILSVRC'12  ILSVRC'11  ILSVRC'10

500gleNet VGG AlexNet

ImageNet Classification top-5 error (%)

He, Zhang, Ren, & Sun. “Deep Residual Learning for Image Recognition”.
CVPR 2016.

He. “Deep Residual Network”. ICML2016 tutorial.

(CVPR2016 best paper award) AleXNet ''''
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ResNetdDZ F&

e Stochastic Depth

[Huang,Sun,Liu,Sedra,Weinberger: Deep Networks with Stochastic Depth, 2016]

FEPICERTHERNICY) S,

|

e T e e

Fig. 2. The linear decay of p; illustrated on
and pr = 0.5. Conceptually,
always active.

[ DenseNet [Huang, Liu, Weinberger, van der Maaten: Densely Connected Convolutional Networks, 2016]
(CVPR2017 best paper award) ROWXF v 7Z2RHWTELEEZRAWS

e Dual Path Networks

[Chen, Li, Xiao, Jin, Yan, Feng: Dual Path Networks, 2017]
Dual Path

a ResNet with stochastic depth for py =1
we treat the input to the first ResBlock as Hy, which is

1=l
[ —» (@1 | F LRt [ )b
L 1l Y . Wl #3 | S
¥ 33 AL i +-— — LS"‘
- lLiL £ 3 | 1 _x
— 33 ¥ 2 — s = | —
v - g1 1 L
D v 2 v v : A v
Gk + g! 14 S E I
i
el ¢ ) 11 111
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~ s F “— — v =3
3 3 1=1 ¥ _-‘¢ | IL T.l .I
¥ Il 33 ¥ | ——
: v v v L. - 4
) . oy E: ‘- D e ‘ -
(a) Residual Network (b) Densely Connected Network (¢} Densely Connected Network (d) Dual Path Architecture K (e) DPN )
Input oo N - N
Predict
Dense Block 2
horse

r:l . Dense Block 1 . I+l . . -
=
LN = L B F| S

DenseNetDFkF

ResNet& DenseNetd BE WS = fHA S H .
ILSVRC2017 D Object localization&B8F9 < 1 fL.




Residual Attention Network

ILSVRC2017®0Object detectionZBFT 1 {1

o Feature Soft attention Feature Feature Soft attention Feature
Origin image before mask mask after mask before mask mask after mask

BEX O LGAICEHR

oh = P = = Az ==
BEXZ D BGZYE !
Low-level color feature High-level part feature
Attention mechanism i Sky mask Balloon instance mask ¢ Clasiaton

:1 \Iil :'(ll n Module \Iﬁl

. tmge T OD HHF QUH ﬂﬂﬂ {[ %ﬂ DDDDU-
ResNet |~ EHR Y e %ﬂ ..... oS

TROWBEMS e

% &8 = = @

[Wang F, Jiang M, Qian C, et al. Residual Attention Network for Image Classification. arXiv:1704.06904, 2017]



Convolutional Encoder-Decoder

Poaling Indices

RGB Image B Cor + Batch Normalization + RelU Segmentation

I Fociing [l Upsamepling Softmax

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



Pix2Pix

Labels to Street Scene Labels to Facade BW to Color

output
Aerial to Map 5

output
Day to Night Edges to Photo

input - output input output input output

-

) ChainerlC & 2 B8 &

Encoder-decoder U-Net

Figure 3: Two choices for the architecture of the generator. The
“U-Net” [*“] 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]
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= e N

\ > S ¥ BEDOL v
NUET T LA [Ghafoorian et al., 2016] XVE < \7 % o e
[Kooi et al., 2016] T—arvEigs

. VAN
éé} | D e H

?g xa ¢ [Ch nier et al.,
= * i 017]
LA g % 1

A& PRI 8 PRAE 0 %8

[Kaggle, and van
Grinsven et al. 2016]

NGB 4B
e NN [LUNA16 challenge]
BIN IRt 7 X v g

T—> 3V
[PROMISE12 challenge]

fin e BnAE IR H
[CAMELYON16] 2R &R gg AL IR

[Yang et al., 2016]

A A
[Esteva et al., 2017]
B Z Litjens, et al. (2017) & V),
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(FROC73.3% -> 87.3%
s BEBEEBEOSGALEE

[Detecting Cancer Metastases on Gigapixel Pathology Images: Liu et al.,
arXiv:1703.02442, 2017]



[DENSO, 2017]
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[(ZFIEH BT XBEYAMT  [18ENC ] ARy FIRE, ITMedia:
http://www.itmedia.co.jp/news/articles/1711/30/news089.html]
[[22Fx<Tc&i!] RED DAl “IULFE—KILAIARY b T —LIFZ ZTHEW L)
VRTT 4 —F >4 |, AR X &X: https://robotstart.info/2017/11/29/denso-mmaira.html
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(a) Stage-I
images

(b) Stage-1I
images

This bird has a yellow This bird 1s white  This flower has

belly and tarsus. grey  with some black on  overlapping pink i ﬁ )ﬂ ﬂ{

baclk:, wings, and its head and wings, peinted petals

brown throat, nape and has a long swronnding a ring of e \
with a black face orange beak short vellow filaments 4%1 %IJ .:té.‘l | : : i !! ll

i ti't' !
i’é/

]
Bl W DL G W
T MM B AT
(R I S E ]
— & BN B

[Tian: zi2zi, Master Chinese

Calligraphy with Conditional
Adversarial Networks,2017]
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BHiZ A5 L OB E &R L 7=,
« GAN (Generative Adversarial Network) [Goodfellow+et al., 2014]
2D DN ESE

[ Generator: x =G(z) }

Discriminator: D(x) = P(xHD'A&¥))

G: BRDFz (ELE) D ohiERezEK. D2lRL O T 5,
D: BRe DAY MDD HIR, GICERS N B WL D ICT D,

=5E{LRE
minmax Eqp,,. log D(x)] + E.~p,log(1 — D(G(z2)))]
Rk B B OB %
L RS B R iy RS B e

2016-2017(2H 7 Y SRaT
GANDOZEFE £ & o : https://github.com/hindupuravinash/the-gan-zoo
KGANDOMIZHVAE (Variational Auto-Encoder) E Mg B AEDL L <HWLWSNTWAS,



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

DCGAN (Deep Convolutional GAN)
=mAIAHRL Y b HULTZ-GAN

ARSI N B BER:

512
I

Stride 2

100 7

Stride 2 16

BRDZFzz CONvV2 CONV 3 64
(100K Jo—HRAELED) CONV 4 -

DCGAN® Generator

o AJzIFBERD(ED LT FILEHIZH > TW S,
 Discriminatorb A IAA Ry FaHWS,

Radford, Metz & Chintala. “Unsupervised representation learning with deep
convolutional generative adversarial networks.” ICLR2016.
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B[R D 22 ]

man man woman 2
with glasses without glasses without glasses woman with glasses

oL EICBLAIELICES

E-E+=

ANzeeL3lET %52 & TR
DELBIENERREINTWD

cf. word2vec.

Results of doing the same
M=l arithmetic in pixel space

Eﬁﬂzéﬂt/\/wl/ LB

ER SNz Y FIL— LB
AFzDhiEE THRENBEGRD
/Fons.

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
285
270
255
240
225
w 210
195
180
165
150
135
120
105

Total number of pape

75

15

2014 2015 2016
Year

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



StackGAN

StackGAN [Zhang+etal.2016] FUWBBRZERK L TH S ZNE SEMICEE (BEKR)

. This bird has a yellow This bird 15 white  This flower has
A jj jz E 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 surrounding a ring of
with a black face orange beak short yellow filaments
— e

i
| Conditioning |
: Aug:m:malmn:

Stage-1 Generator

This bird is grey with white on ifs
chest hort beak

o1
3,

Compression and Spatial Replication|

This bird is grey with white on its @ |
chest and hzs a very short beak 1[ i
This bird is grey with white on its ! 0,1}
| chest and has 2 very short beak |
| L _stage Discriminator |
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 vellow petals and vellow in yellow in color,  which are thin dark pink with
description petals that are purple petals in~ and a lot of color, and has with petals that  and orange white edges
white and has a dome-like vellow anthers  petals that are are wavy and with rounded and pink
pink shading configuration in the center striped smooth edges stamen
n
. R
GAN-INT-CLS % /
[22]
2565256
StackGAN StackGAN
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e . BLEL (— kDI L) 7 e G~ ~ 7y
e x =Gyg(z) (EHZEM by S a5y k)

YR e 2R EL L CEROELE (g% L)

A RX
VT DT 7=y
&) (5057

//%Eﬂmﬂ@ﬂmwéuiﬁﬁﬁ% \\

Bregman-divergence:
BR ()
= [[aGOl' (@) = £(G) + £ @D}dx - [ poGOF (G

036}2%1%9

f-divergence D /Mt \

Wxt DR

f-divergence:
DHDEFH (DL B D)

po(x ))
J ()f<QW)
GANI(ZJensen-Shannon BOEELL & DBregman-divergence

divergence (2 XTIt /ML L TRELLZHEE

f-GAN [Nowozin, Cseke, Tomioka, 2016] |mEr it o f5 ke B-GAN [Uehara+et al., 2016] |~
[Sugiyama, Suzuki, Kanamori: Density ratio matching. 2012.]
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« Wasserstein GAN (Metz et al., 2016)
»Wasserstein B g % F| F
> ODNmDOYR— AT N TWTHwell-defined
>EELI-FE

« MMD GAN (Li et al., 2017)

> h—IEICK B2 0HRERE (Maximum Mean
Discrepancy) % 7]
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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.

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 mfr'gf;:;D;:gI:‘:i:I:tsh lots. of

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 BIRERAXE D BEIERL

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

A%E - $ ) & =3 0 ©
rET S IEHFED—  Is depth learning a
FECIN? method of machine
Shinsd gakusha wa kikai gakusha no learn mg'?

chishuhodesu ka?

CDEEZDIAHAIZITED How can | make this
ER M EESAY)Y) teacher mushrooms
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h(x)=<2(1-x) (1/2<x<1)

0 (otherwise). [EIdan,Sham|r,ALT2016]
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[T. Suzuki. Fast learning rate of deep learning via a kernel perspective. arXiv:1705.10182, 2017.]
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Original VGG |68.34% 88.44%  138.34M  30.94B
SqueezeNet 57.67%  80.39% 1.24M 1.72B

ThiNet-Conv‘jfE 169.80%  89.53% 131.44M 9.58B
ThiNet-GAP = |67.34% 87.92% 8.32M 9.34B
ThiNet-Tiny £\|59.34% 81.97% 1.32M 2.01B

Ours-Convl 72.23% 91.17% 132.75M 22 418
Ours-Conv2 |69.61% 89.34% 113.92M 9.71B
Qurs-Conv-FC|68.66%  88.90% 45.77M 9.58B

urs-GAP 67.09% 87.90% 8.40M 12.5B
Ours-Tiny 60.10% 82.89% 2.31M  2.07B

TETILDLBREOH A XTH LABERLE T4 DEEFE

\




HIETE OB RBEIEIEN

TR B A2
NI B A2

« EZENNOD BTN EFRIER IS T RENHEERZ
Kawaguchi, 2016; Lu&Kawaguchi, 2017.
X172 LIKRITIBEENND A,

— BAEANKREENFEREE TCHDL I EDEREFEEHEHEINTWS
(Yun, Sra&Jadbabaie, 2018)

« BT V71T O RN RER L2 T RER &IEA
Ge, Lee&Ma, 2016; Bhojanapalli, Neyshabur&Srebro, 2016.

. Ty 2
Jmin > (Yig = (UUT)yy)
(ij)EE



“_EEHOEAZETET HETE

(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)
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Li and Yuan (2017): Convergence Analysis of Two-layer Neural Networks with ReLU Activation.
Soltanolkotabi (2017): Learning RelL.Us via Gradient Descent.
Brutzkus, Globerson, Malach and Shalev-Shwartz (2018): SGD learns over parameterized networks that provably generalized

on linearly separable data.
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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.




Information Bottleneck
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Inside Deep Learning

New experiments reveal how deep neural networks evolve as they learn.

L3 2 Layer 1

ER Ighls
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INFORMATION ABO)SE%UTPUT LABEL

LEAST INFORMATION ABOUT INFUT DATA MOST

A INITIAL STATE: Neurons in Layer 1 encode everything about the input
data, including all information about its label. Neurons in the highest
layers are in a nearly random state bearing little to no relationship

to the data or its label.

B FITTING PHASE: As deep learning begins, neurons in higher layers

gain information about the input and get better at fitting labels fo it.

C PHASE cHANGE: The layers suddenly shift gears and start to “forget”

information about the input.

D COMPRESSION PHASE: Higher layers compress their representation

of the input data, keeping what is most relevant to the output label.
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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.




Sharp minima vs flat minima
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Flat Mmlmum Sharp Minimum
Keskar, Mudigere, Nocedal, Smelyanskiy, Tang (2017):
On large-batch training for deep learning: generalization gap and sharp minima.
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e Adversarial example
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[Szegedy et al.: Intriguing properties of neural networks. ICLR2014.]
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