Lecture 9:

Understanding and Visualizing
Convolutional Neural Networks

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 9 - 1 3 Feb 2016




Administrative

- A1 is graded. We’'ll send out grades tonight (or so)

- A2 is due Feb 5 (this Friday!): submit in Assignments tab on
CourseWork (not Dropbox)

- Midterm is Feb 10 (next Wednesday)

- Oh and pretrained ResNets were released today
(152-layer ILSVRC 2015 winning ConvNets)

https://qithub.com/KaimingHe/deep-residual-networks

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 9- 2 3 Feb 2016



https://github.com/KaimingHe/deep-residual-networks
https://github.com/KaimingHe/deep-residual-networks
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ConvNets
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Computer Vision Tasks

Classification Instance
+ Localization

Classification Object Detection

Segmentation

CAT, DOG, DUCK CAT, DOG, DUCK

PN J
Y

Single object Multiple objects
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Understanding ConvNets

- Visualize patches that maximally activate neurons

- Visualize the weights

- Visualize the representation space (e.g. with t-SNE)
- Occlusion experiments

- Human experiment comparisons

- Deconv approaches (single backward pass)

- Optimization over image approaches (optimization)
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Visualize patches that maximally activate neurons one-stream AlexNet

— - .'f
. = | |pool5
- 3
B
Figure 4: Top regions for six pool. units. Receptive fields and activation values are drawn in white. Some units are ahgned to concepts, H—%
such as people (row 1) or text (4). Other units capture texture and material properties, such as dot arrays (2) and specular reflections (6). e " 3}
. . , . , . , J s8s m‘: -
Rich feature hierarchies for accurate object detection and semantic segmentation A <% £EE R
[Girshick, Donahue, Darrell, Malik] "
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one-stream AlexNet

Visualize the filters/kernels (raw weights)

convl |_* )
. . LA;" ] .‘;:
only interpretable on the first layer :( Zhhn o
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Visualize the
filters/kernels
(raw weights)

you can still do it
for higher layers,
it's just not that
interesting

(these are taken
from ConvNetJS

CIFAR-10
demo)
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Visualizing the representation o—
fc7 layer

4096-dimensional “code” for an image
(layer immediately before the classifier)

can collect the code for many images il A_
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Visualizing the representation

t-SNE visualization

[van der Maaten & Hinton]

Embed high-dimensional points so that
locally, pairwise distances are conserved

i.e. similar things end up in similar places.
dissimilar things end up wherever

Right: Example embedding of MNIST digits
(0-9) in 2D

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 9 - 12 3 Feb 2016




t-SNE visualization:

two images are
placed nearby if their
CNN codes are
close. See more:

http://cs.stanford.
edu/people/karpathy/cnnembed/
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(d) Classifier, probability

Occlusion experiments o et o
[Zeiler & Fergus 2013]

(as a function of the
position of the
square of zeros in
the original image)

True Label: Afghan Hound
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Occlusion experiments
[Zeiler & Fergus 2013]

Fei-Fei Li & Andrej Karpathy & Justin Johnson

(d) Classifier, probability
of correct class

(a) Input Image

(as a function of the
position of the
square of zeros in
the original image)

True Label: Afghan Hound
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Visualizing Activations

http://vosinski.com/deepvis

conv5; (dog face + flower) conv5si (human face + cat face) conv5iy; (cat face)

fe8 prob

whole layer:

gradient ascenty

YouTube video Ky o,
https://www.youtube.com/watch?v=AgkflQ41GaM rectedchannel Lt 1 11 : mp-é
(4min) .

e a\vaﬂ Eﬂl,

deconv® : deconviof top9
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Deconv approaches

1. Feed image into net

pppppp
SSSSSSSS

Q: how can we compute the gradient of any arbitrary
neuron in the network w.r.t. the image?
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Deconv approaches

1. Feed image into net
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Deconv approaches

1. Feed image into net

dddddddddd

2. Pick a layer, set the gradient there to be all zero except for one 1 for
some neuron of interest
3. Backprop to image:
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Deconv approaches

1. Feed image into net

some neuron of interest
3. Backprop to image:

“Guided
backpropagation:”
instead
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Deconv approaches

[Visualizing and Understanding Convolutional Networks, Zeiler and Fergus 2013]
[Deep Inside Convolutional Networks: Visualising Image Classification Models and Saliency Maps, Simonyan et al., 2014]
[Striving for Simplicity: The all convolutional net, Springenberg, Dosovitskiy, et al., 2015]

a) Forward pass

1|0
Input image " —{ ' |} =5 F
Feature map
Backward pass
Reconstructed : = olo] |
image R’ N B BB =i I
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Deconv approaches

[Visualizing and Understanding Convolutional Networks, Zeiler and Fergus 2013]
[Deep Inside Convolutional Networks: Visualising Image Classification Models and Saliency Maps, Simonyan et al., 2014]
[Striving for Simplicity: The all convolutional net, Springenberg, Dosovitskiy, et al., 2015]

b)

a) Forward pass

1]0 ! 11-11]5 11015
i 0 BT B R & |
Input image f f > S| f | Fatwiard pass 2ls|la2] = [2]o0]o0
Feature map | = B B 2 [
Backward pass
Reconstructed B e 0181 | 3l ol a4 13[4
: : 4 p - R 7
image R 0|2 | Backward pass: P
l backpropagation Ll I N
____________________ | 0oj-1|3 21-113
C 5 i »
) activation: Y = relu(f!) = max(f},0)
. . I _— . 141 ey (.')fm;.f.
backpropagation: R = (f' > 0): R,™", where R'*' =
1 T i ' i (r_)f;-l-l

\ Backward pass for a ReLU (will be changed in Guided Backprop)
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Deconv approaches

[Visualizing and Understanding Convolutional Networks, Zeiler and Fergus 2013]
[Deep Inside Convolutional Networks: Visualising Image Classification Models and Saliency Maps, Simonyan et al., 2014]
[Striving for Simplicity: The all convolutional net, Springenberg, Dosovitskiy, et al., 2015]

a) Forward pass - | b) 1|1]s 1|o]s
i 0 BT B R & |
Input image f f > S| f | Fatwiard pass 2ls|la2] = [2]o0]o0
Feature map | 3]2]4 o el
Backward pass
Reconstructed( m e 0181 | 3l ol a4 >l
image R’ 6] 2 | Backward pass: P
J backpropagation Ll I N
ﬁﬁﬁﬁﬁﬁﬁﬁﬁﬁﬁﬁﬁﬁﬁﬁﬁﬁﬁﬁ | 0oj-1|3 21-1]3
C _ 1 » |
) activation: Y = relu(f!) = max(f},0) |
. . . _— . 141 o) (.')fm;.i‘.]
backpropagation: R = (f > 0)- R ™", where R\*' =
i o 1 i ! i 0f3+1|
|
ojlo|o 23]

|

| Backward pass:
guided R =(f'>0). (R ). R | Quided 6loJo| «— |6]|3]1
|

backpropagation: ¢ backpropagation [
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Visualization of patterns
learned by the layer conv6
(top) and layer conv9
(bottom) of the network
trained on ImageNet.

Each row corresponds to
one filter.

The visualization using
“guided backpropagation” is
based on the top 10 image
patches activating this filter
taken from the ImageNet
dataset.

guided backpropagation

guided backpropagation

corresponding image crops

ABEC SNAOH
W7 Sadae A )
& \;Q\\

ESi HI

[Striving for Simplicity: The all convolutional net, Springenberg, Dosovitskiy, et al., 201 5]
Fei-Fei Li & Andrej Karpathy & Justin Johnson
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Deconv approaches

[Visualizing and Understanding Convolutional Networks, Zeiler and Fergus 2013]
[Deep Inside Convolutional Networks: Visualising Image Classification Models and Saliency Maps, Simonyan et al., 2014]
[Striving for Simplicity: The all convolutional net, Springenberg, Dosovitskiy, et al., 2015]

backpropagation:

a) Forward pass 7 |
Input image " — £ |~ '> 3 f- |
l
Feature map |

Backward pass
Reconstructed : o 0 . |
image R’ i B BB 0 H 1
J
ﬁﬁﬁﬁﬁﬁﬁﬁﬁﬁﬁﬁﬁﬁﬁﬁﬁﬁﬁﬁ |
C) g +1 Iy o cof £ |
activation: B =velul f) =ames(f7.0) |
. ) i . 141 3 (.')fm;.f. ]
backpropagation: R, = (f{ >0)- R;™", where RI*1 = E)f“‘ |
Ibackward . Ri _ LR |
deconvnet': - * |
: |
guided Ri =(f!>0)- RE—H |
|

Fei-Fei Li & Andrej Karpathy & Justin Johnson

b) 11-11]5 11015
Forward pass sl:0 — [GlolG
312)4 o214
2101]-1 21311
Backward pass: = y
backpropagation e g
o|-1]3 21-113
013]0 -2 [ -1
Backward pass:
= = 6lo|1 6]-3|1
deconvnet . .
2|03 2|-1]3 || bit weird
Backward pass: O e O -2 J -1
guided 6|lo0jJo| «<— |6]|-3]1
backpropagation olols 3 al3
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Visualizing and Understanding Convolutional Networks
Zeiler & Fergus, 2013

Visualizing arbitrary neurons along the way to the top...
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Visualizing arbitrary neurons along the way to the top...
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Visualizing
arbitrary
neurons along
the way to the
top...
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Optimization to Image

55 £ )
. 27 dense dense
13 13 11 . | dense
li . ‘| | | ‘P P — .‘ 1
\ [ ‘ e, | 3 e = ==--
. 5] =t — 3 I I e 3 . & e L =
. N . X |13 | \ 13 A
5 27 . N Y _a
Input L1 3 \
24 Image 5§ 384 | 364 | \ 256 1000
(RGB) Max
Max : s Max pooling 4096 4096
Stride \| o5 | POON paoling
24 of 4 \ |
3

Q: can we find an image that maximizes
some class score?
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Optimization to Image arg max|Se(I)|~ A 1|[3

score for class ¢ (before Softmax)

55

- £ )
. 27 dense dense
13 13 11 _— | dense
11\ f \ - — .
[~3 \ [ i 3 e - WY K- )
1 5 | s | - | > 3 i . r —‘: - 3 i .‘ [ . . h—‘.
- ) . 1 | \ f13 7 18
. 27 ; 3 N -
Input L1 3 |
24 Image 5§ 384 | 364 \| 256 1000
(RGE) Max
) \ 256 e —
‘ Max : Max pooling 4096 4096
Stride \| o5 | POON paoling
24 of 4 \ !
3

Q: can we find an image that maximizes
some class score?
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Optimization to Image

1. feed in

Zeros. N )
zero image LS NTr

\\\\\

mage
lllll

2. set the gradient of the scores vector to be [0,0,....1,....,0], then backprop to image
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Optimization to Image

dense dense

1. feed in

55 . 5
\ \ 13 13 1
zeros. NIRRT [ A SR ) .Y
. f s\ —1 3 . N\ E .
zero image N o ol IV 2 O N\ = { . el N I VP A
28 mage . 84 | 384 256 1000
M
e Var po‘:hn‘ 0%
paoling

24\ || sV

lllll

pppppp

2. set the gradient of the scores vector to be [0,0,....1,....,0], then backprop to image
3. do a small “image update”
4. forward the image through the network.

5. go back to 2. &rgml«‘;:txsc(f) - )\HI”%

score for class ¢ (before Softmax)
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Deep Inside Convolutional Networks: Visualising Image Classification Models and Saliency Maps
Karen Simonyan, Andrea Vedaldi, Andrew Zisserman, 2014

1. Find images that maximize some class score:

oyl
w

bell pepper lemon husky
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Deep Inside Convolutional Networks: Visualising Image Classification Models and Saliency Maps
Karen Simonyan, Andrea Vedaldi, Andrew Zisserman, 2014

1. Find images that maximize some class score:

washing machine computer keyboard kit fox

goose limousine
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Deep Inside Convolutional Networks: Visualising Image Classification Models and Saliency Maps
Karen Simonyan, Andrea Vedaldi, Andrew Zisserman, 2014

2. Visualize the
Data gradient:

(note that the gradient on
data has three channels.
Here they visualize M, s.t.:

ﬂfzj — IMnaX, [mh(z’,j,c)l

(at each pixel take abs val, and max
over channels)
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Deep Inside Convolutional Networks: Visualising Image Classification Models and Saliency Maps
Karen Simonyan, Andrea Vedaldi, Andrew Zisserman, 2014

2. Visualize the
Data gradient:

(note that the gradient on
data has three channels.
Here they visualize M, s.t.:

ﬂfzj — IMaXx, |1Uh(-i.._j,c}|

(at each pixel take abs val, and max
over channels)
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Deep Inside Convolutional Networks: Visualising Image Classification Models and Saliency Maps
Karen Simonyan, Andrea Vedaldi, Andrew Zisserman, 2014

- Use grabcut for
segmentation
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We can in fact do this for arbitrary neurons along the ConvNet

11

dense dense

i
13 13 dense
1 |\ —
\ |13 ' i 3
1 ! | 3
| 384 256 1000
Max

pooling 4096 4096

Repeat:
1. Forward an image

Set activations in layer of interest to all zero, except for a 1.0 for a neuron of interest

2.
3. Backprop to image
4. Do an “image update”

Fei-Fei Li & Andrej Karpathy & Justin Johnson
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[Understanding Neural Networks Through Deep Visualization, Yosinski et al. , 2015]

Proposed a different form of regularizing the image

\

arg max Se(I) — )\HIH%

More explicit scheme:
Repeat:
- Update the image x with gradient from some unit of interest
- Blur x a bit
- Take any pixel with small norm to zero (to encourage sparsity)
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[Understanding Neural Networks Through Deep Visualization, Yosinski et al. , 2015]
http://yosinski.com/deepvis

Flamingo Pelican Hartebeest Billiard Table

Ground Beetle Indian Cobra Station Wagon Black Swan
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Pirate Ship Rocking Chair

Teddy Bear

Fei-Fei Li & Andrej Karpathy & Justin Johnson

Windsor Tie
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Pitcher
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Layer 4

Layer 3

¥ W A Ap= '..,‘, gt
M =gz /5
A 3 5 0 e R 5 2 == e 5 8 2 6 5 o o e i e e R e R I R e R R R
Layer 1

Layer 2
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Question: Given a CNN code, is it
possible to reconstruct the original
image?
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Find an image such that:
- Its code is similar to a given code
- It "looks natural” (image prior regularization)

x* = argmin A(P(x), D) + \R(x)

xeRHXWKC

{(D(x), Po) = [|®(x) — Dol|’
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Understanding Deep Image Representations by Inverting Them
[Mahendran and Vedaldi, 2014]

original image .
reconstructions

from the 1000
log probabilities
for ImageNet
(ILSVRC)
classes
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Reconstructions from the representation after last last pooling layer
(immediately before the first Fully Connected layer)
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Reconstructions from intermediate layers
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Multiple reconstructions. Images in quadrants
all “look™ the same to the CNN (same code)
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DeepDream https://github.com/google/deepdream
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https://github.com/google/deepdream

def objective L2(dst):
dst.diff[:] = dst.data

def make step(net, step size=1.5, end='inception 4c/output’,
jitter=32, clip=True, objective=objective L2):
'*'Basic gradient ascent step.'''

5Irc
dst

net.blobs['data'] # input image is stored in Net's 'data' blob
net.blobs[end]

ox, oy = np.random.randint(-jitter, jitter+l, 2)
src.dataf@] = np.roll{np.roll{src.dataf@e], ox, -1), oy, -2) # apply jitter shift

net.forward(end=end)

objective(dst) # specify the optimization objective
net.backward(start=end)

g = src.diff[a]

# apply normalized ascent step to the input image
src.datal[:] += step size/np.abs(g).mean() * g

src.datal[@] = np.roll{np.rolli{src.dataf@], -ox, -1), -oy, -2) # unshift image
if clip:

bias = net.transformer.mean['data']
src.data[:] = np.clip(src.data, -bias, 255-bias)
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def_objective L2(dst):
dst.diff[:] = dst.data| DeepDream: set dx =x:)

def make step(net, step size=1.5, end='inception 4c/output’,
jitter=32, clip=True, objective=objective L2):
'*'Basic gradient ascent step.'''

5Irc
dst

net.blobs['data'] # input image is stored in Net's 'data' blob
net.blobs[end]

ox, oy = np.random.randint(-jitter, jitter+l, 2)
src.dataf@] = np.roll{np.roll{src.dataf@e], ox, -1), oy, -2) # apply jitter shift

net.forward(end=end)

objective(dst) # specify the optimization objective . .

net.backward(start=end) jitter regularizer
g = src.diftlo]

# apply normalized ascent step to the input image

src.datal[:] += step size/np.abs(g).mean() * g “image update”

src.datal[@] = np.roll{np.rolli{src.dataf@], -ox, -1), -oy, -2) # unshift image

if clip:
bias = net.transformer.mean['data']
src.data[:] = np.clip(src.data, -bias, 255-bias)
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inception_4c/output

DeepDream modifies the image in a way that “boosts” all activations, at any layer

this creates a feedback loop: e.g. any slightly detected dog face will be made more
and more dog like over time
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inception_4c/output

g
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"Admiral Dog!" "The Pig-Snail" "The Camel-Bird" "The Dog-Fish"
DeepDrec vl ay v At U ar-acuvauurts, acany layer
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inception_3b/5x5 reduce

DeepDream modifies the image in a way that “boosts” all activations, at any layer
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Bonus videos

Deep Dream Grocery Trip
https://www.youtube.com/watch?v=DgPaCWJL7XI

Deep Dreaming Fear & Loathing in Las Vegas: the Great San Francisco Acid Wave
https://www.youtube.com/watch?v=oyxSerkkP4o0
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https://www.youtube.com/watch?v=oyxSerkkP4o

NeuralStyle

[ A Neural Algorithm of Artistic Style by Leon A. Gatys,
Alexander S. Ecker, and Matthias Bethge, 2015]
good implementation by Justin in Torch:
https://github.com/jcjohnson/neural-style
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[ deepart.io
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Step 1: Extract content targets (ConvNet activations of all layers
for the given content image)

::::
| o
24\ || o4

content activations

e.g.
at CONV5_1 layer we would have a [14x14x512] array of target activations
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Step 2: Extract style targets (Gram matrices of ConvNet
activations of all layers for the given style image)

256

style gram matrices
eg. G=V'V
at CONV1 layer (with [224x224x64] activations) would give a [64x64] Gram
matrix of all pairwise activation covariances (summed across spatial locations)
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Step 3: Optimize over image to have:
- The content of the content image (activations match content)
- The style of the style image (Gram matrices of activations match style)

— —

Liotal {fT a, T] = aLcontent {ﬁ -F] T .l'riﬁstyfe d, f]

(+Total Variation regularization (maybe))

nnnnn

55
. bl d
13 3 1
TAN = \ — | )
} 5|\ T I 3\ L3- 3 1l
1 { 3 Ple \ 1 I s
5 2 X 3| 3
\\\\\ A 4 :
28 mage o 384 | 334 256 1000
IIIII 256 Max
Max Max pooling 4 4
L\ || swide \| g | Polne oling
24\ || g\
3

match style
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We can pose an optimization over the input
image to maximize any class score.
That seems useful.

Question: Can we use this to “fool” ConvNets?

spoiler alert: yeah
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[Intriguing properties of neural networks, Szegedy et al., 2013]

-

correct ostrih
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[Deep Neural Networks are Easily Fooled: High Confidence Predictions for Unrecognizable Images
Nguyen, Yosinski, Clune, 2014]

>99.6% : : o et S
confidences robin cheetah " armadillo lesser panda

centipede peacock " jackfruit bubble
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[Deep Neural Networks are Easily Fooled: High Confidence Predictions for Unrecognizable Images
Nguyen, Yosinski, Clune, 2014]
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These kinds of results were around even before ConvNets...
[Exploring the Representation Capabilities of the HOG Descriptor, Tatu et al., 2011]

N7

|ldentical HOG represention
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EXPLAINING AND HARNESSING ADVERSARIAL EXAMPLES
[Goodfellow, Shlens & Szegedy, 2014]

“primary cause of neural networks’ vulnerability to adversarial
perturbation is their linear nature”
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Lets fool a binary linear classifier:
(logistic regression)
1

T
P(y:1|:13;'w,b): 1+ e (wz+b) =o(w ;t?—l—b)

Since the probabilities of class 1 and 0 sum to one, the probabilty for class 0 is
Ply=0|z;w,b) =1— P(y=1| z;w,b) . Hence, an example is classified as a positive example (y = 1) if
J(wT;r: + b) > 0.5, or equivalently if the score wz+b>0.
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Lets fool a binary linear classifier:

<— input example

<— weights

Ply=1|zw,b) = (w'z +b)

1+e wiah)  C
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Lets fool a binary linear classifier:

X |2 |1 |3 |2 |2 |2 |1 |4 |5 |1 <~ input example

W -1 -1 1 -1 1 -1 1 1 -1 1

<— weights

class 1 score = dot product:
=2+1+3+2+2-2+1-4-5+1=-3

=> probability of class 1 is 1/(1+e”(-(-3))) = 0.0474

i.e. the classifier is 95% certain that this is class 0 example.

Ply—1 [z b) = — g(w z +b)

1 _|_ E—{me—l-bJ
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Lets fool a binary linear classifier:

X |2 |1 |3 |2 |2 |2 |1 |4 |5 |1 <~ input example

W -1 -1 1 -1 1 -1 1 1 -1 1 <— weights

adversarial x

class 1 score = dot product:
=2+1+3+2+2-2+1-4-5+1=-3

=> probability of class 1 is 1/(1+e”(-(-3))) = 0.0474

i.e. the classifier is 95% certain that this is class 0 example.

1
P(y:1|m;w,b): 1

. T
e e—(me—i-bJ . a(w T+ b)
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Lets fool a binary linear classifier:

X |2 |1 |3 [2 |2 |2 |1 |4 |5 |1 <~ input example

W -1 -1 1 -1 1 -1 1 1 -1 1 <— weights

) 15 |-15 |35 |-25 |25 1.5 15 |-35 |45 1.5
adversarial x

class 1 score before:

2+1+3+2+2-2+1-4-5+1=-3

=> probability of class 1 is 1/(1+e”(-(-3))) = 0.0474 Py=1|z:w,b) = 1
-1.5+1.5+3.5+2.5+2.5-1.5+1.5-3.5-4.5+1.5 = 2 T A
=> probability of class 1 is now 1/(1+e”(-(2))) = 0.88

i.e. we improved the class 1 probability from 5% to 88%

— o(wlz +b)
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Lets fool a binary linear classifier:

X |2 |1 |3 [2 |2 |2 |1 |4 |5 |1 <~ input example

W -1 -1 1 -1 1 -1 1 1 -1 1 <— weights

) 15 |-15 |35 |-25 |25 1.5 15 |-35 |45 1.5
adversarial x

class 1 score before: This was only with 10 input

2+1+3+2+2-2+1-4-5+1=-3 dimensions. A 224x224 input
=> probability of class 1 is 1/(1+e”(-(-3))) = 0.0474 image has 150,528.
-1.5+1.5+3.6+2,5+2.5-1.5+1.5-3.5-4.5+1.5 = 2 (its significantly casier with
=> probability of class 1 is now 1/(1+e”(-(2))) = 0.88 more numbers, need smaller

i.e. we improved the class 1 probability from 5% to 88%  nudge for each)
Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 9 -73 3 Feb 2016




Blog post: Breaking Linear Classifiers on ImageNet

plane car kird cat deer dog frog horse ship truck

ImageNet classifiers:

French loaf
hage

ice cream ice Julld cheeseburger

o

strawberry

3 Q .4

chocolate saum,

g L — =
dough red wine

J . meat loaf :
pizza
ballplayer P )'ellow ladyssil b L 3
W scuba diver ' & agaric »
o L - igyromitra
e '

volcano
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mix in a tiny bit of
Goldfish classifier weights

100.0% _goldfish

100% Goldfish
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1.0% kit fox 8.0% goldfish
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1.0% kit fox 3.9% school bus

8.3% goldfish 12.5% daisy
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EXPLAINING AND HARNESSING ADVERSARIAL EXAMPLES

[Goodfellow, Shlens & Szegedy, 2014] ‘s )
“primary cause of neural networks’ vulnerability to adversarial Al .
perturbation is their linear nature” ol

(and very high-dimensional, sparsely-populated input spaces)

In particular, this is not a problem with Deep Learning, and
has little to do with ConvNets specifically. Same issue
would come up with Neural Nets in any other modalities.
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Summary

Backpropping to the image is powerful. It can be used for:

- Understanding (e.g. visualize optimal stimuli for arbitrary neurons)
- Segmenting objects in the image (kind of)

- Inverting codes and introducing privacy concerns

- Fun (NeuralStyle/DeepDream)

- Confusion and chaos (Adversarial examples)
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“straw” "hat” END

Next lecture:
mage Captioning

Recurrent Neural Networks
RNN Language Models

‘man in black shirt is playing "construction worker in orange "two young girls are playing with -"boy is doing backflip on
guitar.” safety vest is working on road.” lego toy." wakeboard "
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In backprop: all +ve and -ve paths of influence through the graph interfere

ReLU RelLU

TN,
/M\a o

positive gradient, negative gradient, zero gradient
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In guided backprop: cancel out -ve paths of influence at each step
(i.e. we only keep positive paths of influence)

W1 ReLU RelLU

T A
/M\a : -

positive gradient, negative gradient, zero gradient
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