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Simultaneous contrast










Training Neural Networks

dense dense

ABuild network architecture * t
and define loss function |

APick hyperparameters learning rate, batch size

Alnitialize weights + bias in each layer randomly

AWhile loss still decreasing
A Shuffle training data
AFor each data poirif M X Y O Yl daicB) M § LI
A Gradient descent
ACheck validation set loss



Stochastic Gradient Descent

Try to speed up processing with
random training subsets

Loss will not always decrease
(locally) as training data pointis =
random, but converges over time. -
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Gradient descent step size Is weighted \\
combination over time to dampen pingpong. |/ //
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Wikipedia



Regularization

APenalize weights for simpler solution
Ah OO YQ&a NI T 2NJ

C=Co+ _ Y v

ADropout half of neurons for
each minibatch

AForces robustness
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like a black box? | like black boxes.

Deep learning Is:
- a black box
- also a black art

- Grad student
gradient descent : (

http://www.isrtv.com/



Why in Project 4 Q5 do we initialize the weights to zero”
Good gquestionr a mistake on our part.

Setting zero weights makes all neurons equivalent as
there Is no difference in the gradient computed across
VSAdZNR2Y ad / | {deLIRR (658&EYPY S (| NA

Setting zero bias i1s OK; often we standardize the data
beforehand (subtract mean, divide by std. dev) so a zerr
bias Is a good initialization.



Why In Project 4 Q5 do we initialize the weights to zero”
So whydid it still train?

Wx =0 for the layeroutput

-> producesuniform softmaxoutput (each class equally
probable; i.e., on MNIST, 0.1)

Gradient update rule and supervision labektill
provides the right signal

n vslgn

Xodzi |fft ySdzN2ya y20 2F C
update.
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Why in Project 4 Q5 do we initialize the weights to zero”

In general, initialization is very important.

Initial Weights Set to Zero Initial Weights Drawn from N(0, o= 0.4) Initial Weights Drawn from N(0, o~ v 2/n;)
1.6
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Good strategyHe et al. 2015:

ForReLl)draw random weights from Gaussian
distribution with variance = 2 / # inputs to layer



What is activation function for?

To allow multiple layers; to avoid resulting composition of linear
functions collapsing to a single layer.

Difference between CNN and convolution in feature extraction?
No difference! Same operation [correlation/convolution]

Why do we shave off pixels?
We only use the valid region of convolution; typically no padding.
Some recent works special case these edge convolutions.

Why multidimensional kernels?

We wish to convolve over the outputs of many other learned
kernelssHh WAYUSIANI GAYIQ AYF2NNI OA:;
layer outputs.



How to know which kernels to use iti2convolution layers?
Gradient descent + back propagation learns them.

How to set weights on fully connected layers?
Gradient descent + back propagation learns them.

What even is back propagation again?
Project 4 Q5 has some good references.



How do we decide the best parameters for network

architecture? = = _ C oA . .
CZ2ZNJ ft Saa O2YLIX AOI GSR aAduludzl d
[trial and error]. Is there any method?

WD NRA R -strial-ahtdleio
W, | 8S&Al Y -2mdialedfriing;loptikizeyhe
hyperparameters

Generalstrategy:

Bottleneck-> extract information (kernel) and learn to
sgueeze representation into a smaller number of parameters



LQBS KSIFNR Fo2dzi YlIyeé Y2N

Skip connections
Residual connections
Batch normalization



How can free will coexist with divine preordination?

Ahyes.

Related works:

- TheOntologicalArgument

- The Problem of Evil

- Ship of Theseus / Sorites Paradox
- What is Art

- T =1

- ChinesdRoom Al



Short cuts to Al

2 AUK oAffAZ2YVaE

close nearest neighbor.

2F AYlF3ASa 2y Ol
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stealing the labels from our nearest neighbor.
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So what Is intelligence?

Weak Al:
Thea AYdzZE F GA2Y 2F || WYAY

Strong Al:
Thea AYdzfE F GA2Y 2F || WYAY



Chinese Room experiment, John Searle (1980)

If & machine can convincingly simulate an
Intelligent conversation, does it understand? @

[ ) 13




Chinese Room experiment, John Searle (1980)

If a machine can convincingly simulate an
Intelligent conversation, does it understand?

Searle imagines himself in a room, acting

as a computer by manually executing a .
program that convincingly simulates the
behavior of a native Chinese speaker. 5

Most of the discussion consists of

attempts to refute it. .
"The overwhelming majority," notes BBS
editor StevanHarnad, n st i | I t hi nk

Chinese Room Argument 4 $

The sheer volume of the literature that has

grown up around it inspired Pat Hayes to g
quip that the field of cognitive science :
ought to be redefined as "the ongoing

research program of showing Searle's

Chinese Room Argument to be false. 0




. Yann LeCun
October 23 at 9:58pm - @

Questions from the piece:

Q1. Does the Chinese Room argument prove the impossibility of machine
consciousness?
A1: Hell no. ... See More

Can Machines Become Moral?

The question is heard more and more often, both from those who think that
machines cannot become moral, and who think that to believe otherwise is a
dangerous illusion, and from those who think that machines must become moral....

BIGQUESTIONSONLINE.COM | BY DON HOWARD

OO‘.‘ You and 156 others 30 Comments 20 Shares

il Like ® Comment # Share



Mechanical Turk

A vonKempelen 1770.

A Robotic chess player.

A Clockwork routines.

A Magnetic induction (not visior

A Toured the world; played
Napoleon Bonaparte
and Benjamin Franklin.




ical Turk

Mechan

A It was all a ruse
A Hoho ho.




"Can machines fly?"
Yesaeroplanesxist.

"Can machines fly like a bird?"
No, becausa@eroplanesR2 y Q4 Ff | LI®

"Can machineperceiveK €
a / Imgchinesunderstand?”
Are theseguestion like the first, or like the second



Ornithopters

James Hays



FestoSmartBird2011]
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 SmartBird
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The Nuts and Bolts of Building
Applications using Deep Learning

AAndrew Ng NIPS 2016
Ahttps://youtu.be/F1ka6a13S9l



https://youtu.be/F1ka6a13S9I

Bias/variance tradeff

"It takes surprisingly long time to grok bias and variance deeply, but
people that understand bias and variance deeply are often able to
drive very rapid progress." --Andrew Ng

Low Variance High Variance

Low Bias

High Bias

Bias = accuracy
Variance = precision

ScottFortmannRoe






Go collect a dataset

AMost important thing:
ATraining data must represent target application!

ATake all your data
A60% training

A40% testing
A 20% testing
Aum: OFEtARFOAZY 02N WRSOSTE 2 LIYS



Properties

AHuman level error = 1%
ATraining set error = 10%
AValidation error = 10.2%

ATest error = 10.4%

Gl NR I y(

Overfitting to
validation



The Nuts and Bolts of Building Applications
Using Deep Learning

Bigger Model
Training Error High ——— Train Longer
l New Model Architecture
More Data
Train- Val Error High - Regularization
l New Model Architecture

Test Error High [ Get More ValData

!

Done

[Andrew Ng]



My Neural Network isn't working! What should I do?

Created on Aug. 19, 2017, 5:56 p.m.

50 you're developing the next great breakthrough in deep learning but you've hit an unfortunate setback: your
neural network isn't working and you have no idea what to do. You go to your boss/supervisor but they don't

know either - they are just as new to all of this as you - so what now?

Well luckily for you I'm here with a list of all the things you've probably done wrong and compiled from my

own experiences implementing neural networks and supervising other students with their projects:

—

. You Forgot to Normalize Your Data

2. You Forgot to Check your Results

3. You Forgot to Preprocess Your Data

4. You Forgot to use any Regularization

5. You Used a too Large Batch Size

6. You Used an Incorrect Learning Rate

7. You Used the Wrong Activation Function on the Final Layer

8. Your Metwork contains Bad Gradients

9. You Initialized yvour Network Weights Incorrectly

10. You Used a Network that was too Deep

11. You Used the Wrong Number of Hidden Units Dani6| HO|den

http://theorangeduck.com/page/neurahetwork-not-working



http://theorangeduck.com/page/neural-network-not-working

Interpretation

prediction of class

high-level

parts
| = distributed representations
mid-level |
s feature sharing
parts f .
» compositionality
low level
parts
Input image Pt e

e

T el 16
Lee et al. “Convolutional DBN's ...” ICML 2009 Ranzaton




Object Detectors Emerge in Deep Scene CNNs

Bolei Zhou, Aditya Khosla, Agata Lapedriza, Aude Oliva, Antonio Torralba

Massachusetts Institute of Technology

ICLR 201=



How ODbjects are Represented in CNN?

CNN uses distributed code to represent objects.

Convl
ilhll!ll&l:“l-\lix\l lEENINZANNAZ SSlZAl SNz eI EN I EZEI AT A I s

( Onv 2 A S T T R I T e ek (OO (A (L

(@fe] |VZ/ Jpe—

Pool5

Agrawal, et al. Analyzing the performance of multilayer neural networks for object recognition. ECCV, 2014
Szegedy, et al. Intriguing properties of neural networks.arXiv preprint arXiv:1312.6199, 2013.
Zeiler, M. et al. Visualizing and Understanding Convolutional Networks, ECCV 2014.



Estimating the Receptive Fields

Estimated receptive fields Actual size of RF is much smaller than the theoretic size
pooll conv3 pool5

\
e

Segmentation using the RF of Units
oI1 pool2
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More semantically meaningful

\
/

ImageNet-CNN  places-CNN




Annotating the Semantics of Units

Top ranked segmented images are cropped and sent to Amazon Turk for annotation.

Task 2

Mark (by clicking on them) the images which don’t correspon

ask 1
Word/Short description:
ower
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Task 3

IWhich calegory does your short description mostly belong lo?
Scene (kitchen, corridor, street, beach, ...)

Reglon or surtace (road, grass, wall, floor, sky, ...)
@Ob}ecl (bed, car, building, tree, ...)
Object part (leg, head, wheel, roof, )

Texture or material (striped, rugged, wooden, plastic, ...)

: Simple elements or colors (vertical line, curved line, color blue, ...)



Annotating the Semantics of Units

Pool5, unit 76; Label: ocean; Type: scene; Precision: 93%
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Annotating the Semantics of Units

Pool5, unit 13; Label: Lamps; Type: : 84%
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Annotating the Semantics of Units




Annotating the Semantics of Units

Pool5, unit 112; Label: pool table; Type: object; Precision: 70%

-

TN : ) : :
| L 7 ’!r
il L i pA ) S ", i \ - _— ! e
227 | ~ S S s 4 B
il 4 ¥ | % L =
L - > - * "'( ' ‘ % s
N ‘ e 5 .

o I




Annotating the Semantics of Units

Pool5, unit 22; Label: dinner table; Type: scene; Precision: 60%
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ImageNet vaPlacesNet

demo.html

ImageNet

A ~1 mil objectlevel images
over 1000 classes

PlacesNet

A ~1.8 million images from
365 scene categories
(at most 5000 images per
category).



http://places2.csail.mit.edu/demo.html

Distribution of Semantic Types at Each Layer

—@— places-CNN
@ imagenet-CNN
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Distribution of Semantic Types at Each Layer

o)

i
o

Object detectors emerge within CNN trained to

classify scenes, without any object supervision!
: 4 .....

W
o

N
o
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percent units (perf>75%)

—@— places-CNN
@ imagenet-CNN
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Interesting CNN properties

éor other ways to mea:

http://yosinski.com/deepvis



http://yosinski.com/deepvis

What input to a neuron maximizes a class score?

7 f F

& dense dense
; 1 13 13 dense
| ol 1 \ - e |
11 14 3 = H } I+
i - | P |1 N . s ) 13
- Input 5 \ N 3 *
4 image 5 \ 384 | 384 | N6 000
(RGB) o Max
Max =

M pooling 4096 4096

To visualize the function of a specific unit in a

neural network, we synthesize an input to that
unit which causes high activation.

Neuron of choice i
An image of random noise X.

Repeat:

1. Forward propagate: compute activation a;(x)

2. Back propagate: compute gradient at neuron Ka,(x) K X K
3. Add small amount of gradient back to noisy image.

Andrej Karpathy



What image maximizes a class score?

Flamingo Pelican Hartebeest Billiard Table

Ground Beetle Indian Cobra Station Wagon Black Swan

[Understanding Neural Networks Through Deep Visualization, Yosinski et al. , 2015]
http://yosinski.com/deepvis

Andrej Karpathy


http://yosinski.com/deepvis

What image maximizes a class score?

e

Layer 8

Pirate Ship Rocking Chair Teddy Bear Windsor Tie Pitcher

Layer 7

Andrej Karpathy



Wow!

¢tKSeé 2dzad WFIff 2dziQH



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

Breaking CNNs

correct +distort ostrich correct +distort ostrich

Take a correctly classified image (left image in both columns), and add a tiny distortion (middle) to fool the ConvNet with the
resulting image (right).

Intriguing properties of neural networks [Szegedy ICLR 2014]

Andrej Karpathy



http://arxiv.org/pdf/1312.6199v4.pdf

Breaking CNNs
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Deep Neural Networks are Easily Fooled: High Confidence Predictionsfor
Jia-bin Huang Unrecognizable Images [Nguyen et al. CVPR 2015]



http://arxiv.org/pdf/1412.1897.pdf

Adversarial Patches

Ahttps://www.theverge.com/2018/1/3/16844842/ai
-computervisiontrick-adversarialpatchesgoogle

Anttps://arxiv.org/pdf/1712.09665.pdf

_ Classifier Input _ Classifier Output

[Brown et al., Google, 201


https://www.theverge.com/2018/1/3/16844842/ai-computer-vision-trick-adversarial-patches-google

A same set of
data points or ° ®
Experience

.J .
e

Local generalization: Extreme generalization:
Generalization power of Generalization power
pattern recognition achieved via

abstraction and reasoning

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



https://twitter.com/fchollet

The boy is holding a baseball bat.

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



https://twitter.com/fchollet

For next time: The success of
obfuscating gradients

Ahttps://github.com/anishathalye/obfuscated
gradients

In our recent paper, we evaluate the robustness of eight papers accepted to ICLR 2018 as non-certified white-box-secure
defenses to adversarial examples. We find that seven of the eight defenses provide a limited increase in robustness and can
be broken by improved attack techniques we develop.

The only defense we observe that significantly increases robustness to adversarial examples within the threat model proposed
is “Towards Deep Learning Models Resistant to Adversarial Attacks” (Madry et al. 2018), and we were unable to defeat this
defense without stepping outside the threat model. Even then, this technique has been shown to be difficult to scale to
ImageNet-scale (Kurakin et al. 2016). The remainder of the papers rely either inadvertently or intentionally on what we call
obfuscated gradients. Standard attacks apply gradient descent to maximize the loss of the network on a given image to
generate an adversarial example on a neural network. Such optimization methods require a useful gradient signal to succeed.
When a defense obfuscates gradients, it breaks this gradient signal and causes optimization based methods to fail.


https://github.com/anishathalye/obfuscated-gradients

For next time: human + CV
adversarial examples

Ahttps://arxiv.org/abs/1802.08195

JT note: does this actually work?




Reconstructing images

Question: Given a CNN code, is it possible
to reconstruct the original image?

Andrej Karpathy



Reconstructing images

Find an image such that:
- Its code Is similar to a given code
-1t Amatokrsal o
- Neighboring pixels should look similar

Image x* = argmin 4(®(x), Do) + A\R(X)
XGRHX\/VXC

U(2(x), Bo) = [|(x) — Do

Andrej Karpathy



Reconstructing images

N .
originalimage Reconstructions

from the 1000
log probabilities
for ImageNet
(ILSVRC)

classes

Understanding Deep Image Representations by Inverting Them
[Mahendran and Vedaldi, 2014]

Andrej Karpathy



Reconstructing images

Reconstructions from the representation after last last poolinglayer
(immediately before the first Fully Connected layer)

Andrej Karpathy



DeepDream

DeepDream https://github.com/google/deepd

Andrej Karpathy


https://github.com/google/deepdream

DeepDream

DeepDream modifies the imageinawayt hat fAboostso allayeract

This creates a feedback loop: e.g., any slightly detected dog face will be made
more and more dog-like over time.

Andrej Karpathy "Admiral Dog!" "The Pig-Snail" "The Camel-Bird" "The Dog-Fish"



DeepDream

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=oyxSerkkP40

Andrej Karpathy


https://www.youtube.com/watch?v=DgPaCWJL7XI
https://www.youtube.com/watch?v=oyxSerkkP4o

Style transfer



Neural Style

[ A Neural Algorithm of Artistic Style by Leon A. Gatys,
Alexander S. Ecker, and Matthias Bethge, 2015]
good implementation by Justin Johnson in Torch:
https://github.com/jcjohnson/neural-style

Andrej Karpathy


https://github.com/jcjohnson/neural-style

Neural Style

Step 1: Extract content targets (ConvNet activations ofall
layers for the given contentimage)

content activations

e.g.
at CONV5_1 layer we would have a [14x14x512] array of target activations

Andrej Karpathy



Neural Style

Step 2: Extract style targets (Gram matrices of
ConvNet activations of all layers for the given style
Image)

style gram matrices
T b ad B
e =¥V

at CONV1 layer (with [224x224x64] activations) would give a [64x64] Gram
matrix of all pairwise activation covariances (summed across spatial locations)

Andrej Karpathy



Neural Style

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)

Etotal (]3. (_i F) — aEcontent (,ﬁ -1_:) 2 .B‘Cstyle ((_’:~ -1_:)

match content

11111

dense  dense

Adapted from Andrej Karpathy




Neural Style

make your own easily on deepatrt.io

Andrej Karpathy



