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Number of attendees at CVPR

From a blogpost of Yann LeCun Created by Changbo Hu
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Liu+, Understanding Deep Representations Learned in CNNs for Material Recognition, VSS2016
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Liu+, Understanding Deep Representations Learned in CNNs for Material Recognition, VSS2016
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Vittayakorn+, Automatic Attribute Discovery with Neural Activations, ECCV2016

[ white

beautiful soft blush handmade leather ballet flats. re d

***please, note, our new blush ballet flats are

without the beige trim line (around the edges), still St r I e d
just as beautiful and perhaps even more***

SIZING O O d e
“ how to take measurements £ W n
there are a number of ways to measure your feet, S I I ky
however we find the quickest and most reliable
practice is by tracing your feet. Here is how to do it:
stand on a piece of paper that's bigger than your
feet, circle your feet around with a straight standing
pencil (without pressing the pencil too hard to the e
edges of your feet). Once you have the tracing,
measure distance between longest and widest
points. Compare the measurements to the list below. —

—
ﬁ‘
Pre-trained deep CNN

15
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Vittayakorn+, Automatic Attribute Discovery with Neural Activations, ECCV2016

Images Convolutional Activation KL
neural network histograms divergence
positive
convl
conv2 unit #lI =
-
conv3 -
=
. conv4
negative :
unit #2
convS
fcé
fc7
neurons
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Zeiler-Fergus, Visualizing and understanding convolutional networks, 2014

24
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Szegedy+, Intriguing properties of neural networks, 2014

HifeBWoIhBUE =

Correctly Additive
recognized noise

B

Son AIN—YF LS E : EfF -
2YMNI—=VICE ST

Minimize ||r||2 subject to:

1. fl(x+71)=1
2. z+rel0,1]™

Recognized
as“Ostrich”

[LL0Z+1I00jZz8g-IAnesOON]
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— NO Need to Worry about Adversarial Examples in Object Detection in
Autonomous Vehicles [Lu+2017]

"ANR Mg ZESATEE

— Synthesizing Robust Adversarial Examples [Athalye-Sutskever2017]
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Zhang-0zay-Sun-Okatani, Information Potential Autoencoeders, arXiv 2017

« T EEDHESDHEREBEZR/IME

min [ (x; z) (@O OO }---
fg gl N
S.t. EXNp(x)[d<Xag<Z>)] <D 550 s.t.g.'”)d(x;;m):
o / I(x:z ’
MM S I

[Kingma-Welling2014]

Nclelololo

EEHCFTSILEB(VAE) [Kingma-Welling2014]

iRERRT > > v ILBCHFSILE(IPAE)



IBERER/HDSDF7 7A—F

Zhang-0zay-Sun-Okatani, Information Potential Autoencoeders, arXiv 2017

VAE (%) IPAE ({2%)

Red circles denote input
data and the blue dots
denote reconstructed data.
E is the average euclidean
distance of all reconstructed
samples to the means of
Gaussian from which they

were drawn.
30
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Zhang+, Truncating Wide Networks using Binary Tree Architectures, arXiv 2017

 EExv FOERA | e oz
= ANZREDEAcaEE -

[Montufar+2014]
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Zhang+, Truncating Wide Networks using Binary Tree Architectures, arXiv 2017
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Quasi-hexagonal kernel

Sun+, Design of Kernels in Convolutional Neural Networks for Image Classification, ECCV2016

- Use of M-shape filters (quasi-hexagonal kernels)

- Different orientation for each layer
— More flexible receptive field




Quasi-hexagonal kernel

Sun+, Design of Kernels in Convolutional Neural Networks for Image Classification, ECCV2016

- Change of filter shapes alone improves accuracy
for CIFAR-10/100

ILSVRC2012 (large scale object recognition)



Quasi-hexagonal kernel

Sun+, Design of Kernels in Convolutional Neural Networks for Image Classification, ECCV2016
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Ozay-Okatani, arXiv2016 / Ozay-Hatsutani-Okatani, arXiv2017

7 1 1LY DHEIFI =TSRG

Sphere: HWH% =1

Oblique:  ddiag(W ' W) = I

Stiefel:
(Orthogonal) W W =1

[F—CNN (ResNet-110) TOfER
| cifarlo | Cifari00

RCD [Huang+2016] 6.41 27.22
Ours (One manifold) 591 25.39
Ours (Product of four manifolds) 5.17 23.79
RSD [Huang+2016] 5.23 24.58
Ours (One manifold) 4.73 23.09
Ours (Product of four manifolds) 431 22.03

Weights (filter kernels) are updated
on a manifold.
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