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BOLT 2019 Fall Trip Application is LIVE!

Info sessions on 4/8 @ 7PM in Friedman 102 and 4/9 @ 7PM in Salomon 003

Brown Outdoor Leadership Training is recruiting for rising sophomores,
new transfers and new RUEs for our 2019 Fall Trip and Program!

BOLT commences with a 5 -day backpacking trip in the White Mountains, NH right before the Fall semester starts.
It continues throughout the semester with group get -togethers, leadership development workshops & community
events that aim to foster community, mentorship, personal reflection & leadership in the outdoors & back at Brown.

Everyone is welcome to apply - no hiking experience needed! Financial aid, gear and boot rentals available!

For more information: email and visit



mailto:bolt@brown.edu
https://boltatbrown.wordpress.com/

f(x) f(x)

Pandal Gibbon class Gibbon!
gradient

Panda Adversarial example

Francoihollet- https://blog.keras.io/thelimitations-of-deep-learning.html



https://twitter.com/fchollet
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Single pixel change fools Al programs

Tiny changes can make image
recognition systems think a school
bus is an ostrich, find scientists.
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I3 Algorithm learns to recognise
natural beauty

Artificial intelligence fools security
Al used to detect breast cancer
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Single pixel change fools Al programs

Tiny changes can make image
recognition systems think a school
bus is an ostrich, find scientists.
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blue brain
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I3 Algorithm learns to recognise
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Artificial intelligence fools security
Al used to detect breast cancer




Airplane(Dog)  Automobile(Dog)  Automobile
(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}imit .edu, kevin€labsix.org

B classified as turtle [ classified as rifle [ classified as other

B classified as turtle [ classified as rifle [ classified as other



C)JJ g Neural Networks
|n ithe Real World




B classified as baseball

B classified as espresso [l classified as other

B classified as baseball

B classified as espresso [l classified as other



Connectomics:
Neuralnets for
neural nets

[PatricHagmani



Vision for understanding the brain

1mm cubed of brain
Image at 530 nanometers

30 pm
5210 pixels - 30 pm
o, 5210 pixels

How much data?

EM images Reconstruction

[KaynigFittkau et al.



Vision for understanding the brain

1mm cubed of brain
Image at 530 nanometers

30 pm

How much data?

1000 sections

/ 1 Petabyteg
EM images T 1,000,000,000,000,000

~ All photos uploaded to
Facebook per day

[KaynigFittkau et al.]



Membrane-
classification

EM images Membrane Multiple segmentations
probabilities per section

Proof-
reading

Segmentation
fusion

Three dimensional Identified neuronal
reconstruction processes

[KaynigFittkau et al.]



Membrane-
classification

Region -
segmentatio

Membrane Multiple segmentations
probabilities per section

Proof-
reading

Segmentation
fusion

Three dimensional Identified neuronal
reconstruction processes

[KaynigFittkau et al.



Vision for understanding the brain

Instance segmentation (but the instances sometimes look quite different!)

Hanzatnn



Initial Merge- and Split Correct Fixed
Segmentation Errors Borders Segmentation

[Haehn et al ]



p al D

1084409 L 10443 nids |

Ground Automatic

Labeling

Truth

[Haehn et al ]



Network Architecture

AXT5XTH GAX73X73 64x36%36 48x34x34 48x17x17 48x15x15 A48XTXT 48x5x5 48x2x2
3x3pF 2x2F 3x3p 2x2F 3x3p 2x2F 3x3p 2x2F
™ m
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

Dense
RelLU
Dropout
p=.5

1: Split Error
0: Correct

Dense
Softmax

[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

False Positive Rate

1.0

[Haehn et al ]



Big space of designs!



Architecture for Classification

Total nr. params: 60M
4M

16M
37M

442K

1.3M
884K

307K

35K

Krizhevsky et al. “lmageNet Classification w'.t'HpéJéep 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
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Beyond AlexNet

VERY DEEP CONVOLUTIONAL NETWO

FOR LARGECALE IMAGE RECOGNITIORN

Karen Simonyan& Andrew Zisserman 2015

Thesearetheprea r ai ned nAVGGO net
that you use in project 4



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 conv3i-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 conv3-128 com’%‘ 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 | conv3-256 | conv3-256 | conv3-256 | conv3-256
convl-256 | conv3-256 | conv3-256
conv3-256
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
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 | 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




GoogleLeNet(2014)

22 layers

Conv (op#0)

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

MaxPool (op#2)

LRN (op#3)

Conv (op#4)

Relu (op#53)

Conv (op#6)



nception!

Convolution
AvgPool
MaxPool
Concat

@ Dropout

8 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

3x3 max pooling

Aé;__—/”f,———/_”

Previous layer




ResNetHe et al., 2015)

34-layer residual

image

A 4

7x7 conv, 64, /2 |

v

pool, /2

3x3 conv, 64

v

3x3 conv, 64

3x3 conv, 64

v

3x3 conv, 64

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

Depending on their skill and
expertise, humans generally
hover around a 8.0% error.

Superbhuman-performance!
But the task is arguably
not well defined.



Revolution of Depth 282
‘ 152 layers ’ :

\\
A
| 22 layers l ‘ 19 Iayers I I

357 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, Shaoqging Ren, & Jian Sun. “Deep Residual Learning for Image Recognition”. CVPR 2016.



CIFARLO

A60,000 32x32 color images, 10 classes

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

airplane %.% V..a"i
automobile EEE‘
o i WS
«  EEGHNEEEs P
ceer 155 I O 0 N I TR
g [ LR DIFTKY o
e EEESEDDSENE
horse H.ﬂﬂ.ﬂﬂ'm
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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

3 3
iter. (led)

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

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



Simply stacking layers?

CIFAR-10 ImageNet-1000
20p-g
sob i\
56-layer
44-layer 50
g 32-layer 5
NaT . < 34-layer
g 20-layer g 40 Y
plain-3 W . -
— plain- -\ - 1. plain-18 )
0 e S . . : . solid: test/val N=pinas 18-layer
0 1 2 itei.{l&l) [ daShEdtra|n 0 10 20 ) 30 40 50

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

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



Vanishing/exploding gradient problem

Backpropagation:

- Computegradientupdate for every neuron which
was involved In the output across layers

Involves chaining partial derivates over many layers!

- If derivative < 1, gradient gets smaller and smaller
as we go deeper and deepervanishing gradients!

- If derivative> 1, gradient gets larger and larger as
we go deeper and deeper exploding gradients!



Vanishing/exploding gradient re: activatior

- If derivative < 1, gradient gets smaller and smaller
as we go deeper and deepervanishing gradients!

- If derivative> 1, gradient gets larger and larger as
we go deeper and deeper exploding gradients!

1
1+e*

Sigmoid  o(z) = ReLU , (&) I A @tw

sigmoid function

0.8
0.6
0.4

0.2

0.0 T T T T T 1 1 T
4 3 2 1 0 1 2 3 4 -4 -3 -2 -1 0 1 2 3 4
Z Z



a shallower
model
(18 layers)

a deeper
counterpart
(34 layers)

363 corw, 138, /2

33 cams, 128

* Richersolutionspace

* Adeeper model should not have higher
training error

i ”n
extra
layers

3a3 cams, J56

34 com, 25
[ m |
T came, 1
o o, 513,/

Fe oo e
Kaiming He, Xiangyu Zhang, Shaoging 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

lu
HOx lre



Residual Unit

F(x)+x

A residual block

weight layer

lFEHJ

weight layer

X
identity



Residual Unit

F(x)+x

A residual block

weight layer

lrehi

weight layer

The inputs of a lower layer is made
available to a node in a higher layer.

X
identity



Network “Design”

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

plain net
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Why so steep?

CIFAR-10 experiments

CIFAR-10 plain nets CIFAR-10 ResNets
20p-pee 20p-
ResNet-20
56-layer — Rt a4
= ResNet-36
5 44-Iaver —R::N:t-ll 20-]
5 - r
e 32-layer ) O-laye
10 g10 -
: I\~ 20-layer g A 32-layer
\ . --\‘: . AN -
A " IR 44-layer
3 len_z ...........................................................m...::....:‘........................ far 5.......................................q..liﬁ.Tu I‘l.':.}q:_?aql-................................................................ 56-|ayer
plain-3] imm f . t
_plaind \" solid: test 110-layer
plan-2 . i e "
O — : n 5 3 dashed: train % 1 2 3 6
iter. (led) tter. (led)

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

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



Flat regions Iin energy landscape

_ R Y — se - — SGD
| — Momentum ——  Momentum
~ NAG - ~— NAG
Adagrad | T — Adagrad
Adadelta y 0';/:,2% Adadelta
Rmsprop 4 s ,"';:,','l:f Rmsprop

=5 T 2

1.0




James, do whaveto go deeper?

Compute vs. parameters / multiphdds

75

: O
o 0 2
o
3 65
O
b4
< 60
aQ
o 55 .
: MobileNet
2 50 AlexNet
& ® GoogleNet
o 45
e ® VGG 16
40
101 102 10° 10*

MACs (M)

| YYXSFFAOASY U Yy SuaxX
might be useful for final project ???

https://www.infog.com/news/2017/06/googlemobilenetstensorflow
https://arxiv.org/abs/1704.04861



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

ConWNets perform classification

< 1 millisecond

dtlrooe O

1000-dim vector

< endto-end learning

47

[Slides from_ong, Shelhamer, and Darre



CONV NETS: EXAMPLES

- Object detection

Sermanet et al. “OverFeat: Integrated recognition, localization, ...” arxiv 2013
Girshick et al. “Rich feature hierarchies for accurate object detection...” arxiv 2013 o1
Szegedy et al. “DNN for object detection” NIPS 2013 Ranzatol 3




ConvNets: Test

At test time, run only is forward mode (FPROP).

8x18

24@6x6 Fully

connected
500 weights)

1Q0
2@96x96

33 6x6
. : 3x?
subsampling convolution convolution

96 k Is subsamplin
(96 kernels) P13400 kernels)

5x5
convolution
(16 kernels)




ConvNets: Test

At test time, run only is forward mode (FPROP).

8x18

Fully
100 connected
500 weights)

24 @6Xx6

2@96x96

E 4
6x6

5x5 v

ey - luti 3x3
convolution subsampling C;)g\: " 1:)n b i convolution
' ernels subsampliin
(16 kernels) ( ) (%400 kernels)

Naturally, convnet can process larger images

Traditional methods
use inefficient sliding
windows.

76
Ranzaton




ConvNets: Test

At test time, run only is forward mode (FPROP).

8x18

Fully
100 connected
500 weights)

24 @6Xx6

2@96x96

E
6x6

5x5 v

i . luti 3x3
convolution subsampling C;)g\: " 1;)n b i convolution
' ernels subsamplin
(16 kernels) ( ) (%400 kernels)

Naturally, convnet can process larger images

Traditional methods
use inefficient sliding
windows.

77
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ConvNets: Test

At test time, run only is forward mode (FPROP).

D 8x18

24@6x6 bally

100 connected
500 weights)

2@96x96

E
6x6

5x5 v

T : luti 3x3
convolution subsampling C;)g\: " 1;)n b i convolution
' ernels subsamplin
(16 kernels) ( ) (%400 kernels)

Naturally, convnet can process larger images

Traditional methods
use inefficient sliding
windows.

78
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ConvNets: Test

At test time, run only is forward mode (FPROP).

D 8x18

24@6x6 bally

100 connected
500 weights)

2@96x96

E
6x6

5x5 v

T : luti 3x3
convolution subsampling C;)g\: " 1;)n b i convolution
' ernels subsamplin
(16 kernels) ( ) (%400 kernels)

Naturally, convnet can process larger images

Traditional methods
use inefficient sliding
windows.

79
Ranzaton




R-CNNRegionbased CNN

warped region

aeroplane? no.

person? yes.

‘ '// VN .
' "‘ L Q .

tvmonitor? no.

1. Input 2. Extract region 3. Compute 4. Classity
1mage proposals (~2k) CNN features regions

Hgure: Girshick et al.

54



Stage 2: Efficient region proposals

ABrute force on 1000x1000 = 250 billion rectangles
ATesting the CNN over each one is too expensive

Al SGQa dzasS . o/ & GAAAZ2YH
AHierarchical clustering for segmentation

Uijlingset al., 2012, Selection Search Thanks to Song Ca



AN

Oversegmentation Undersegmentation

Hierarchical Segmentations



Cluster lowlevel features

ASSTAYS GAYATINRAGE 2V

A Greedily group regions together by selecting
the pair with highest similarity

I Until the whole image become a single region

A Draw a bounding box around each one
I Into a hierarchy



Vs Ground Truth

Average Best Overlap (ABO)

ABO = | Gcl Cé;cmgi(Overlap(g,,l )
30 I
Overlap(g;,l;) = arealy; ) Narcall;)

area(g¢) Uarea(l;)

(a) Bike: 0.863 (b) Cow 0. 874 (c) Chair: 0.884 (d) Person: 0.882 (e) Plant: 0.873

Mean Average Best Overlap (MABO)

Thanks to Song Ca



method ABO # windows
Arbelaez et al. [3] ). 0.649+0.193 418

Alexe et al. [2] 0.944(0.694+0.111|1,853

Harzallah et al. [16] 0.830 |- 200 per class
Carreira and Sminchisescu [4] | 0.879|0.770+£0.084 | 517

Endres and Hoiem [9] 0.912]0.791 £0.082 | 790
Felzenszwalb et al. [12] 0.9330.82940.052 | 100,352 per class

Vedaldi et al. [34]

0.940 | - 10,000 per class

Selective search “Fast” 0.804 +0.046

Selective search “Quality” 0.879 £0.039

Table 5: Comparison of recall, Mean Average Best Overlap
(MABO) and number of window locations for a variety of meth-
ods on the Pascal 2007 TEST set.

Thanks to Song Ca



R-CNNRegionbased CNN

warped region

aeroplane? no.

person? yes.

tvmonitor? no.

1. Input 2. Extract region 3. Compute 4. Classity
1mage proposals (~2k) CNN features regions

Hgure: Girshick et al.

MmaXnnn LINRLRZAalFIfa 6AGK NBOI
but still takes 17 seconds per image to generate them.
Then | have to test each one!



Fast RCNN

_[Rol

—{projection

Rol = Region of Interest

Hgure: Girshick et al.

Conv L
feature map

A\

Rol
pooling

N

N

layer lD DFCDS |

Multi-task loss

Outputs: bb OX
softmax regressor
(=S fopecs.isssee e sv]

4

CAFC ]

Rol feature
vector

For each Rol



Fast RCNN

H | Outputs: bb OX
BDcep softmax regressor
| |ConvNet [— e

Rol EIFC  EIFC
pooling

k \ = 4 IayerlI] FCs
7 , projection\\

Conv X Rol feature
feature map vector

For each Rol

- Convolve whole image into feature map (many layers; abstracted)
- For each candidatRot
- Squash feature map weights into fix&@dA RdLJ24&; d@ptive subsampling!
- DivideRolinto H x Wsubwindows e.g., 7 x 7, and max pool
- Learn classification oRolpool with own fully connected layers (FCs)
- Output classificationspftmay + boundsregressoy

Hgure: Girshick et al.



Martian lava field, NASA, Wikiped



Old Man of the Mountain, Franconia, New Hampsh



Pareidolia

http://smrt.ccel.ca/2013/12/16/pareidolia/



Reddit for more :)
https://www.reddit.com/r/Pareidolia/top/



https://www.reddit.com/r/Pareidolia/top/

Pareidolia

{SSAY3 (KAyYy3ITa G6KAOK I NBY

DeepDreanas reinforcement pareidolia



