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Airplane(Dog) Automobile(Dog) Automobile Cat(Dog) Dog(Ship)
(Airplane)

Deer(Dog) Frog(Dog) Frog(Truck) Dog(Cat) Frog(Truck)

Horse(Cat) Ship(Truck) Horse Dog(Horse) Ship(Truck)
(Automobile)

Su et al., One pixel attack for fooling deep neural networks
https://arxiv.org/abs/1710.08864



https://arxiv.org/abs/1710.08864

SYNTHESIZING ROBUST ADVERSARIAL EXAMPLES https://arxiv.org/pdf/1707.07397.pdf

Anish Athalye ', Logan Engstrom*"?, Andrew Ilyas*'?, Kevin Kwok®
Massachusetts Institute of Technology, ?LabSix
{aathalye,engstrom, ailyas}émit.edu, kevin#labsix.org
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Connectomics:
Neural nets for
neural nets

[Patric
Hagmann]



Vision for understanding the brain

30 1mm cubed of brain
um

5210 pixels 30 pm
% s 5210 pixels

Image at 5-30 nanometers

How much data?

30 um
| 1000 sections

EM images Reconstruction

[Kaynig-Fittkau et al.]



Vision for understanding the brain

2 1mm cubed of brain
um

5210 pixels o 30 pm
s 5210 pixels

Image at 5-30 nanometers

How much data?

1 Petabyte —
1,000,000,000,000,000

~ All photos uploaded to
Facebook per day

EM images Reconstruction

[Kaynig-Fittkau et al.]



Membrane-
classification

EM images Membrane Multiple segmentations
probabilities per section

Proof-
reading

Segmentation
fusion

Three dimensional Identified neuronal
reconstruction processes

[Kaynig-Fittkau et al.]



Membrane-
classification

Membrane Multiple segmentations

probabilities per section

Proof-
reading

Segmentation
fusion

Three dimensional Identified neuronal
reconstruction processes

[Kaynig-Fittkau et al.]



Vision for understanding the brain




Initial Merge- and Split Correct Fixed
Segmentation Errors Borders Segmentation

[Haehn et al.]
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Ground Automatic

Labeling

Truth

[Haehn et al.]



Network Architecture

Ax75x75 G4Ax73x73 64x36x36 48x34x34 48x17x17 48x15x15 48x7x7 48x5x5 48%2x2
I [ I [ I [ I [
3x3P 2x2F 3x3P 2x2F 3x3F 2x2F 3x3F 2x2p
Input Convolution Pooling  Convolution Pooling Convolution Pooling Convolution Pooling
(Max) (Max) (Max) (Max)
Dropout Dropout Dropout Dropout
p=.2 p=.2 p=.2 p=.2

512 2
1: Split Error
0: Correct
Dense Dense
ReLU  softmax
Dropout
p=.5

[Haehn et al.]



True Positive Rate

1.0+

0.8+

0.6+

0.4}

0.2}

Guided Proofreading: AC4
Guided Proofreading: L.Cylinder
—— Focused Proofreading: AC4
Focused Proofreading: L.Cylinder

0.2

0.4 0.6 0.8 1.0
False Positive Rate

[Haehn et al.]



Fancier Architectures: Multi-Scale

upsampling

convnet

C 00> Cf (X0 D Cf (X509

—

pyrami

Farabet et al. “Learning hierarchical features for scene labeling” PAMI 2013

90



Fancier Architectures: Multi-Task

Attr. 1
Attr. 2
iImage ey,
=" Norm
Attr. N

92

Zhang et al. “PANDA..” CVPR 2014




Fancier Architectures: Generic DAG

Any directed acyclic graph (DAG) of
differentiable modules is allowed.

94



Fancier Architectures: Generic DAG

If there are cycles (RNN), one needs to un-roll it.

Pinheiro, Collobert “Recurrent CNN for scene labeling” ICML 2014 23
Graves “Offline Arabic handwriting recognition..” Springer 2012



What about learning
across ‘domains’?



Fancier Architectures: Multi-Modal

shared representation

Text
Embedding

Frome et al. “Devise: a deep visual semantic embedding model” NIPS 2013

91
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Two-stream networks —
action recognition

input
video

A

Spatial stream ConvNet

optical flow

convi1 || conv2 || conv3 || conv4 || convb fullé full7 ||softmax
TXT%96 || Sx5x256 || 3x3x512 || 3x3x512 | | 3x3x512 || 4096 2048
stride 2 || stride 2 || stride 1 || stnde 1 || stride 1 || dropout || dropout
i norm. norm. pool 2x2
single frame | P00I 2x2 || pool 2x2
. Temporal stream ConvNet
- conv1 || conv2 || convd || conv4 || convb fullé full?7 ||softmax
TXTx96 || 5x5x256 || 3x3x512 || 3x3x512 | | 3x3x512 || 4096 2048
stride 2 || stnde 2 || stride 1 || stride 1 || stride 1 || dropout || dropout
- norm. ||pool 2x2 pool 2x2
multi-frame pool 2x2

class
score
fusion

[Simonyan et al. 2014]



(e)

[Simonyan et al. 2014]



Learning Deep Representations For
Ground-to-Aerial Geolocalization

Tsung-YiLin, Yin Cui, Serge Belongie, James Hays

CORNELL -
NYCTECH Gegraia @

—ae

CVPR 2015



View From Your Window Contest Where was
June 9, 2010 - Feb. 4, 2015

the photo
taken?




Ans:
Milano, Italy




To Geolocalize a Photo




To Geolocalize a Photo










How To Match Ground-to-Aerial?

Shan et al., Accurate Geo-registration by Ground-to-Aerial Image Matching, 3DV’14
Bansal et al., Ultra-wide baseline facade matching for geo-localization, ECCV workshop’12



Are these the same location?

Ground

Aerial




Are these the same location?

Ground

Aerial




Cross-view Pairs

Aerial






“Siamese” ConvNet for Ground-to-Aerial Matching




“Siamese” ConvNet for Ground-to-Aerial Matching




For ground-aerial image pairs,
should A, B networks share the
same weights?




Quantitative Evaluation

1.0

0.8f

0.6}

precision

0.4

0.2}

Where-CNN-DS (43.6)

Where-CNN (41.9)
Place-CNN (10.2)
ImageNet-CNN (11.3)
HOG2x2 BoW (7.9)

0.2

0.4

recall

0.6 0.8

1.0

Minor improvement
with ‘domain-specific’
weights.



Big space of designs!

But we still don’t even know how many layers we need.
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Architecture for Classification

Total nr. params: 60M
4M

16M
37M

442K

1.3M
884K

307K

35K

, e input
Krizhevsky et al. “ImageNet Classification wlltlﬂpéjeep CNNs” NIPS 2012

category
prediction

LINEAR

FULLY CONNECTED

FULLY CONNECTED

MAX POOLING

CONV

CONV

CONV

MAX POOLING

LOCAL CONTRAST NORM

CONV

MAX POOLING

LOCAL CONTRAST NORM

CONV

Total nr. flops: 832M

4M

16M
37M

74M

224M
149M

223M

105M

96
Ranzaton



Beyond AlexNet

VERY DEEP CONVOLUTIONAL NETWORKS

FOR LARGE-SCALE IMAGE RECOGNITION

Karen Simonyan & Andrew Zisserman 2015

These are the pre-trained “VGG” networks
that you use in project 5



ConvNet Configuration

A A-LRN B C D E
11 weight 11 weight 13 weight 16 weight 16 weight 19 weight
layers layers lavers layers layers layers
input (224 x 224 RGB image)
conv3-64 conv3-64 conv3-64 conv3-64 conv3-64 conv3-64
LRN conv3-64 conv3-64 conv3-64 conv3-64
maxpool

conv3-128

conv3-128

conv3-128
conv3-128

convi-128
conv3-128§

conv3-128
conv3-128

conv3-128
conv3-128

maxpool

conv3-256
conv3-256

conv3-256
conv3-256

conv3-256
conv3-256

conv3-256
conv3-256
convl-256

conv3-256
conv3-256
conv3-256

conv3-256
conv3-256
conv3-256
conv3-256

maxpool

conv3-S512
convi3-S512

conv3-512
conv3i-512

conv3-512
convi-512

convi-S512
convi-512
convl-512

conv3-S512
conv3-512
conv3-512

conv3-512
conv3-512
conv3-512
conv3-512

maxpool

conv3-512
conv3-512

conv3-512
conv3-512

conv3-512
conv3-512

conv3-512
conv3-512

conv3-512
conv3-512

conv3-512
conv3-512

convl-512 | conv3-512 | conv3-512
conv3-512
maxpool
FC-4096
FC-4096
FC-1000
soft-max
Table 2: Number of parameters (in millions).
Network ALA-LRN B C D E
Number of parameters 133 133 | 134 | 138 | 144




Table 4: ConvNet performance at multiple test scales.

ConvNet config. (Table

smallest image side

top-1 val. error (%)

top-5 val. error (%)

train (.5) test (())
B 256 224,256,288 28.2 9.6
256 224,256,288 27.7 9.2
C 384 352,384,416 27.8 9.2
1256; 512| | 256,384,512 26.3 8.2
256 224,256,288 26.6 8.6
D 384 352,384,416 26.5 8.6
256: 512 | 256,384,512 24.8 7.5
256 224,256,288 26.9 8.7
E 384 352,384,416 26.7 8.6
1256; 512| | 256,384,512 24.8 7.5




Google LeNet (2014)

22 layers

Conv (op#0)

6.67% error
Relu (op#1) ImageNet tOp 5

MaxPool (op#2)

LRN (op#3)

Cony (op#4)

Relu (op#3)

Conv (op#6)




nception!

Convolution
AvgPool
MaxPool
Concat

@ Dropout

& Fully connected

@ Softmax

Another view of GoogleNet’s architecture.



Parallel layers

Filter
concatenation

) —

3x3 convolutions

5x5 convolutions

1x1 convolutions

1x1 convolutions

A

Full Inception module

1x1 convolutions

1x1 convolutions

———

A

3x3 max pooling

-
-

Previous layer




ResNet (He et al., 2015)

34-layer residual

image

Y

7x7 conv, 64, /2 |

v

poal, /2

3x3 conv, 64

\ 4

3x3 conv, 64

3x3 conv, 64

v

— e p— —

3x3 conv, 64

ResNet won ILSVRC 2015 with
a top-5 error rate of 3.6%

Depending on their skill and
expertise, humans generally
hover arounda 5-10% error.

But the task is arguably
not well defined.



Revolution of Depth 282
‘ 152 layers ’ :

\\
A
| 22 layers l ‘ 19 Iayers
"\ 6.7 I

-?'-i l____l | 8 layers || 8 layers

ILSVRC'15 ILSVRC'14  ILSVRC'14 ILSVRC'13  ILSVRC'12 ILSVRC'11 ILSVRC'10
ResNet GoogleNet VGG AlexNet

ImageNet Classification top-5 error (%)

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



Revolution of Depth

AlexNet, 8 layers % VGG, 19 layers
(ILSVRC 2012) (ILSVRC 2014)

ResNet, 152 layers
(ILSVRC 2015)

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



CIFAR-10

* 60,000 32x32 color images, 10 classes

Here are the classes in the dataset, as well as 10 random images from each:

airplane %.% »w ..=&;
automobile EE‘“‘
o I el I WS 7

4’ ] )
= HESENEEEs P
» )t s B
PRES s B & e |
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g [AESHRBE R

rog i I O 1 O K W 5
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Simply stacking layers?

CIFAR-10
train error (%)

56-layer

20-layer

2 3 4 3 &
iter. (led)

* Plain nets: stacking 3x3 conv layers...

20

test error (%)

20-layer

* 56-layer net has higher training error and test error than 20-layer net

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



Simply stacking layers?

CIFAR-10 ImageNet-1000
2 L
0k N P
56-layer
44-layer 50
S 32-layer F
< obe < 34-layer
g1 20-layer g 40 Y
~—plain 3 Gt t ) lain-18
— s : solid: test/val — olain 34 18-layer
00 1 5., itei._{lecjj ! '.‘:I é dashed : train EGU 10 20 ) 30 40 50

* “Overlydeep” plain nets have higher training error
* A general phenomenon, observed in many datasets

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



TF e, 64, 42

a shallower
model
(18 layers)

a deeper
counterpart
(34 layers)

33 oo, 138, 12

a3 comy, 128

a3 ey, 128

* Richersolutionspace

 Adeeper model should not have higher
training error

i ”n
extra
layers

3u3 cams, 256

33 comw, 256

33 oo, 356
i3 v, T56
[ EGcamzs ]
243 cams, 256
3wt eory, 512, /2
33 come, 513

243 cam, 512, 12

Fe 2000 o]
Kaiming He, Xiangyu Zhang, Shaoqing Ren, & Jian Sun. “Deep Residual Learning for Image Recognition”. CVPR 2016.



Regular net

H(x) is any desired mapping,
hope the 2 weight layers fit H(x)

"
weight layer
any two
stacked layers l relu

weight layer

|
HO) lre u



Residual Unit

F(x)+x

A residual block

weight layer

lrehj

weight layer

X
identity



Residual Unit

F(x)+x

A residual block

weight layer

lrehi

weight layer

The inputs of a lower layeris made
availabletoa node in a higher layer.

X
identity
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Kaiming He, Xiangyu Zhang, Shaoqging Ren, & Jian Sun. “Deep Residual Learning for Image Recognition”. CVPR 2016.



Why so steep?

CIFAR-10 experime

CIFAR-10 plain nets CIFAR-10 ResNets
SN BR FesNet 20
56-layer e
— ResNet-56
5 44-layer —ReeNet L1 0.1
= b - r
3 32-layer ) 4 O-laye
1of g10 -
: N 20-layer : 32-layer
O R 44-layer
3 len_z ...........................................................m...:......:‘........................ o o ——— ..|‘£. T .-'_‘ lr‘_:'!................................................................ 56-|ayer
plain-3] immf . t
— plain-4; \" solid: test 110-layer
~ plain-3 . . ) . . . . .
; : 4 : ; t 3 dashed: train % 1 T 3 4 6
iter. (1ed) tter. (1ed)

* Deep ResNets can be trained without difficulties
* Deeper ResNets have lower training error, and also lower test error

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



Flat regions in energy landscape
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James, do we have to go deeper?

Compute vs. parameters / multiply-adds

75
s O
> 70 %)
o
3 65
o
b4
< 60
aQ
o 55 : |
t MobileNet
> 50 AlexNet
& ® GoogleNet
o 45
e ® VGG 16
T 40

10t 102 10° 10*

MACs (M)
Hmm...efficient nets...
might be useful for final project ??7?

https://www.infog.com/news/2017/06/google-mobilenets-tensorflow
https://arxiv.org/abs/1704.04861



https://www.infoq.com/news/2017/06/google-mobilenets-tensorflow
https://arxiv.org/abs/1704.04861

