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The problem:
semantic gap

Images are represented as
3D arrays of numbers, with

integers between [0, 255). '~ Vv O Whal the computer sees

E.Q.
300x100x 3

(3 for 3 color channels RGE)

Fei-Fei Li & Andrej Karpathy & Justin Johnson lecture 2- 7 6 Jan 2016
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Preview [From recent Yann
LeCun slides]

Feature visualization of convelutional net trained on ImageNet from [Zeiler & Fergus 2013]

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 7 - 19 27 Jan 2016




The power of small filters

Suppose we stack two 3x3 conv layers (stride 1)
Each neuron sees 3x3 region of previous activation map

First Conv =econd Conv

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 11 - 41 17 Feb 2016




Activation Functions

o(z)=1/(1+e=) A

tanh tanh(x)

ReLU max(0.x)

Fei-Fei Li & Andrej Karpathy & Justin Johnson

Leaky RelLU
max(0.1x, x)

Lecture 5 - 29

20 Jan 2016




MAX POOLING

Single depth slice
il 2 | 4

max pool with 2x2 filters
and stride 2
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Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 7 - 55 27 Jan 2016




Together, we've defined Score Functions...

stretch pixels into single column

cal score
0o0g sScore

input image 1 ' ship score

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 15- 2 7 Mar 2016
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Step 1. Extract content targets (ConvNet activations of all layers
for the given content image)

content activations

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

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 9 - 59 3 Feb 2016



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

style gram matrices

— -'[' F
e.qg. G=V"1
at CONV1 layer (with [224x224x64] activations) would give a [64x64] Gram
matrix of all pairwise activation covariances (summed across spatial locations)

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 9 - 60 3 Feb 2016



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)

Lisatlp. 0, T) =a P T

(+Total Variation regularization (maybe))

maich style

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 9 - 61 3 Feb 2016



[Intriguing properties of neural networks, Szegedy et al., 2013]
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[Deep Neural Networks are Easily Fooled: High Confidence Predictions for Unrecognizable Images
Nguyen, Yosinski, Clune, 2074]
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Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 9 - 65 3 Feb 2016



Even with GPUs, training can be slow

VGG: ~2-3 weeks training with 4 GPUs
ResNet 101: 2-3 weeks with 4 GPUs

NVIDIA Titan Blacks image batch

~%$1K each m

ReshNet reimplemented in Torch: biip-(forch chibkogf2

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 11 - 95 17 Feb 2016




TensorFlow: Multi-GPU

Data parallelism: Model parallelism:
synchronous or asynchronous Split model across GPUs

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 12 - 141 22 Feb 2016
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