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NIPS (Neural Information Processing Systems)
ICML (International Conference of Machine Learning)

COLT (Conference of Learning Theory)
AISTATS, UAI, ECML, ---
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[LeCun+etal,89]

10 Qutput Units

Layer H3
30 Hidden Units

Layer H2
12x16=182
Hidden Units

Layer H1
12x64 =768
Hidden Units

256 Input Units

Fully Connected
~ 300 Links

Fully Connected
~ 6,000 Links

=~ 40,000 Links
- from 12 Kernels

5x5x8

~ 20,000 Links
from 12 Kernels

. [

LeNet-b
[LeCun etal,98]

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

INPUT
g 6@28x28

S2: f. maps C5: layer :
6@14x14 120 Folayer QgTeRl

Full conrJ1ection ‘ Gaussian connections
Convolutions Subsampling Convolutions  Subsampling Full connection
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H—2NZHWT=-SVM

H—FIL Vw7
k(z,2") = (§(x), p(2"))n
IR ER
/\ s Data projected to R~2 (hyperplane projection shown)

®
1.0
e o %

Data in R~ 3 (separable w/ hyperplane)

0.5

0.0

o
Y Label

0.5
0.2 & it st
.
10
0.5
0.0 0.5 1.0 -1.0
=0.5 0.0 d
¥ -1.0 = =05
Labe) 1.0 Eiabel

=1.5 -1.0 -0.5 0.5 10 L5

http://wiki.eigenvector.com/index.php?title=Svmda
http://www.eric-kim.net/eric-kim- net/posts/l/kernel trick.html
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71=1 1,7=1 Learning with Kernels
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No free lunch theorem: [D.H.Wolpert: 1996]
[D.H.Wolpert and W.G. Macready: 1995,1997][Y.C. Ho and D.L. Pepyne: 2002]
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Syria crisis: 28,000 disappeared, say rights
groups
[Human rights groups working in Syria say at

least 28,000 people have disappeared after
being abducted by soldiers or miltia.

[They say they have the names of 18,000 people
missing since anti-government protests began 18
[months ago and know of another 10,000 cases.

Oniine activist group Avaaz says "nobody is safe
from a deliberate government campaign of terror

Fighting between government forces and rebels
Contnng n e chyofAeppo

itintends to give the UN Human Rights Council 2
dossier for investigation

Syria conflict
[Avaaz has gathered testimony from Syrians who says husbands, sons and

daughters have been forcibly abducted by pro-goverment forces Turkish town scarred

by conflic
ice Jay, campaign director at Avaaz. sai: “Syrians are being plucked o the ™ 2"t
street by security forces and paramiltaries and being 'disappeared' into torture  No-man's land
cclis Turkey-Syria tensions
[Wnether itis women buying groceries or farmers gaing forfuel nobody s~ Assad heartiand
safe *

She said it was a deliverate strategy to "terrorise families and communities’

The panic of not knowing whether your husband or child is alive breeds such
fear that t silences dissent,” she said

“The fate of each and every one of these people must be investigated and the
perpetrators punished
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Lasso [L,1EBI{L] (R. Tsibshirani (1996))
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Alex-net [Krizhevsky, Sutskever + Hinton, 2012]
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ImageNet: 21,8417 3 Y, 14,197,122 D

ImageNet: A Large-Scale Hierarchical Image Database. In CVPR09, 2009.]

[J. Deng, W. Dong, R. Socher, L.-J. Li, K. Li, and L. Fei-Fei.



ResNet (Deep Residual Net)
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He, Zhang, Ren, & Sun. “Deep Residual Learning for Image Recognition”.

CVPR 2016.
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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) ROWXF v 7Z2RHWTELEEZRAWS

 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

E: SRAG" T i A L Feature Soft attention Feature Feature Soft attention Feature
Eﬁ % RN 7//7_):')_/[ [ e E Origin image N R D . T— teRisask E E

5B 75 aEmruE S5

Low-level color feature High-level part feature ) _
e Sky mask Balloon instance mask Classification

Attention mechanism

»\n( n Module A(l[ Mll An! n Module

. e FHF ®D DM ®D DDD - HHIIH- A
ResNet|ZZEIRAY {Qﬁﬂé 1;Qllé a8
EFROBBZ(TE5 R

@ - po @ mmmmmmm
: o

2 /\  wsame = convoluon

€ 5 .5 2. 5 5. 3.5 /3.3 2.8 8.8 . | |3 eomm () somdimion (F) Smemvise
o [E— @) somasacs n

g

-]

[Wang F, Jiang M, Qian C, et al. Residual Attention Network for Image Classification. arXiv:1704.06904, 2017]
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« GAN (Generative Adversarial Network) [Goodfellow+et al., 2014]
2 DD ESR

[ Generator: x = G(2) }

Discriminator: D(x) = P(xhZ4<%¥))
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minmax B, .. log D(@)] + .y, log(1 — D(G(=))
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2016-2017(H 73 Y ;9T
GANDOZFEE & : https://sithub.com/hindupuravinash/the-gan-zoo
KGANDMIZ HVAE (Variational Auto-Encoder) & N s AEH L <CAHWLWSLMNTWS,



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

DCGAN (Deep Convolutional GAN)
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Radford, Metz & Chintala. “Unsupervised representation learning with deep
convolutional generative adversarial networks.” ICLR2016.
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StackGAN

StackGAN [Zhang+etal.2016] FUWBBRZERK L TH S ZNE SEMICEE (BEKR)
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This bird is grey with white on its
chest and has a very short beak
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[Sugiyama, Suzuki, Kanamori: Density ratio matching. 2012.]
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[T. Suzuki. Fast learning rate of deep learning via a kernel perspective. arXiv:1705.10182, 2017.]
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« Adversarial example

“panda”
57.7% confidence
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[Szegedy et al.: Intriguing properties of neural networks. ICLR2014.]
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