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Playing Atari with Deep Reinforcement Learning.
Volodymyr Mnih, Koray Kavukcuoglu, David Silver, Alex Graves,
loannis Antonoglou, Daan Wierstra, Martin Riedmiller



http://arxiv.org/pdf/1312.5602v1.pdf
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http://www.umiacs.umd.edu/%7Eyzyang/paper/YouCookMani_CameraReady.pdf

A toy ConvNet: X's and O’

Says whether a picture is of an X or an O
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Trickier cases
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What computers see
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Computers are literal
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Features match pieces of the image
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Filtering: The math behind the match




Filtering: The math behind the match

1. Line up the feature and the image patch.

2. Multiply each image pixel by the corresponding
feature pixel.

3. Add them up.
4. Divide by the total number of pixels in the feature.
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Filtering: The math behind the match
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Filtering: The math behind the match
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Filtering: The math behind the match




Filtering: The math behind the match




Filtering: The math behind the match
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Filtering: The math behind the match
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Filtering: The math behind the match
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Filtering: The math behind the match
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Filtering: The math behind the match
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Convolution: Trying every possible match
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Convolution layer

One image becomes a stack of filtered images
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One image becomes a stack of filtered images

Convolution layer
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Pooling: Shrinking the image stack

1. Pick a window size (usually 2 or 3).

2. Pick a stride (usually 2).

3. Walk your window across your filtered images.
4. From each window, take the maximum value.
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Pooling layer

A stack of images becomes a stack of smaller images.
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Normalization

Keep the math from breaking by tweaking each of the
values just a bit.

Change everything negative to zero.




Rectified Linear Units (RelLUs)
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Rectified Linear Units (RelLUs)
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Rectified Linear Units (RelLUs)
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Rectified Linear Units (RelLUs)
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RelLU layer

A stack of images becomes a stack of images with no
negative values.
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Layers get stacked

The output of one becomes the input of the next.
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Deep stacking

Layers can be repeated several (or many) times.
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Fully connected layer

Fvery value gets a vote
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Fully connected layer

Vote depends on how strongly a value predicts X or O
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Fully connected layer

Vote depends on how strongly a value predicts X or O
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Fully connected layer

Future values vote on X or O
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Fully connected layer

Future values vote on X or O
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Fully connected layer

Future values vote on X or O
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Fully connected layer

Future values vote on X or O

92



Fully connected layer

Future values vote on X or O




Fully connected layer

Future values vote on X or O
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Fully connected layer

A list of feature values becomes a list of votes.
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Fully connected layer

These can also be stacked.
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Putting it all together

A set of pixels becomes a set of votes.
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Learning

Q: Where do all the magic numbers come from?
Features in convolutional layers
Voting weights in fully connected layers

A: Backpropagation




Backprop
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Error = right answer — actual answer
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Backprop
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Backprop

92

A

_omuumCCOu
Ajing

_omuumCCOu
Alin4

Buijood
N34
UOIIN|OAUO)D)
Buijood
N9y
UOIIN|OAUO)D
N9y

UOIIN|OAUOD

>

-1

-11-1)-1

1

-11-1)-1

1
-1]-1(-1 gy -1)-1

-1

-1]-1(-1(-1]-1 g

-1)-1)-1}-1|-1}|-1|-1|-1|-1
-1 -1(-1]-1)-1|-1 gy -1

1
al-af-a]-1 W -1]-1]-1]1

-1)-1]-1 W -

-1]-1(-1 g8
-1]-1 g

-1 s

-1)-1)-1}-1|-1]|-1|-1|-1|-1

51



Backprop
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Backprop
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Backprop
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Gradient descent

For each feature pixel
and voting weight,
adjust it up and down
a bit and see how the
error changes.



Gradient descent

For each feature pixel
and voting weight,
adjust it up and down
a bit and see how the
error changes.



Hyperparameters (knobs)

Convolution
Number of features
Size of features
Pooling
Winaow size
Window stride
Fully Connected
Number of neurons




Architecture

How many of each type of layer?
n what order?




Not just images

Any 2D (or 3D) data.

Things closer together are more closely related than
things far away.




Images

Columns of pixels —
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Limitations

ConvNets only capture

f the data can’t be mac
ConvNets are less useft

ocal “spatial” patterns in data.

e to look like an image,
.



Name, age,
Customer data address, email,

purchases, —_—
browsing activity,...
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Rule of thumb

T your data is just as useful

after swapping any of your
columns with each other, then

you can't use Convolutional
Neural Networks.



N a nutshell

ConvNets are great at finding patterns and using them
to classity images.



Also check out

Deep Learning Demystified

(Justin Johnson and Andrej Karpathy)


https://youtu.be/Q9Z20HCPnww
http://cs231n.github.io/convolutional-networks/
http://colah.github.io/archive.html
https://www.youtube.com/watch?v=Q9Z20HCPnww

Some ConvNet/DNN toolkits

(Berkeley Vision and Learning Center)
(Microsoft)

(Rona

(Skymind)

(Google)
(lal

versity of Montreal + broad community)

n Collobert)


http://caffe.berkeleyvision.org/
https://github.com/Microsoft/CNTK
https://en.wikipedia.org/wiki/Deeplearning4j
http://www.tensorflow.org/
https://en.wikipedia.org/wiki/Theano_(software)
https://en.wikipedia.org/wiki/Torch_(machine_learning)
http://deeplearning.net/software_links/

Thanks for listening!

Connect with me online:

#HowltWorks #ConvNet



https://www.linkedin.com/in/brohrer
https://twitter.com/_brohrer_
mailto:brohrer@microsoft.com
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