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Overview

Learning Neural Networks: Some basics
TensorFlow: Learning made easy!
Autoencoders: Leveraging unlabeled data
Code Demo: Wind it up, let it run.
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Multi-Layer Perceptron
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Figure: 2-Layer MLP
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"Classical” Activation Functions
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@ RelU can lead to sparser networks

@ Initialization of weights is an active research area
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Learning Gradients
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Updating Weights

out = o(net)

net=wxx+b>b
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Extension to Convolutional Layer

Input: Single 2D Feature Map
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Input: Stack of 2D Feature Maps
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Deep Learning Frameworks and Packages

Frameworks

¥ Tensor C affe
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TensorFlow

t Tensor

Graphs, Sessions, Nodes and Ops, Tensors, Variables
Computational Graph for Symbolic Differentation
Distributed Learning

Queueing and Threading

C++ and Python API
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Basic TensorFlow Network

import tenserfleow as tf

b = tf.vVariable(tf.zeros ([100]))
W = tf.Variable(tf.random_uniform{[784,100],-1,1))
x = tf.placeholder (name="x")

Ei-o

relu = tf.nn.relu(tf.matmul (W, x) + b) RelU
c=1 ]
Add
s = tf.Session()
for step in xrange (0, 10):
input = ...construct 100-D input array ... MatMul

result = s.run(C, feed_ dict={x: input})
print step, result
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Computational Graphs

Backprop on Same Graph Explicit Backward Graph
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Distributed Learning

client master

n Device B Device B
execute @ @ @@ @ @ w
subgraph
[recv] [recy]
worker Worker Worker -»> i :
process 1 process 2 process 3 [send] [s2ad]
(6P ] [CPue | [P (CPue] | | (@GP [CPUs ] Device A Device A

Figure: Multiple Device Learning Figure: Message Passing
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Comparison to other Frameworks

] TF \ Theano \ Caffe \ Torch
Google U. of Montreal | U.C. Berkeley | Facebook
Python, C4+4- | Python Python, C++ | Lua
Symbolic Symbolic Non-Symbolic | Non-Symbolic
Apache 2.0 BSD BSD BSD

@ Variance in Module Creation, Model Selection

@ Each has it's own start-up cost, community




Autoencoder

Figure: Inputs, Latent, Reconstruction

@ Encoder and Decoder

@ Dimensionality Reduction
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Probabilistic Generative Models

Assume: Image
data, x, is described
by underlying
hidden variables, z.

Consider: p(x|z) is
Normal and
described by a
neural network with
parameters 6.

2~ N(0,1), ¢+ 0,1
xiNN(ui,UiQ), 9(—1[)]'




Semi-supervision with Autoencoders

Assume: Hidden variables, z, are related to data, x. Employ Bayes
Rule:

p(z]x) o p(z)p(x|z)

Consider: p(z|x;¢) is Normal and described by a neural network
with parameters ¢.

%.3@2’/
NS
UORE

Infer: Label from z.
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Variational Autoencoder Loss

Unlabeled Data:

Uy,p(x) = —=Dr1(44(2[%)[[p(2)) + Eqy (21x) [l0g po(x[2)]
= KL Loss (Regularizer) + Recon Loss (L2 Loss)

Labeled Data:

Ee@ﬂﬁ(xv Y) = u97¢(X) + Eqd;.(z\x) [log 5¢(Y|Z> X)]
= KL Loss + Recon Loss + Label Loss (Cross-Entropy)

Total Loss:

= Y Logu(x)+ > Uye(x)

x,y€Dyp, xEDy
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Conv-VAE Models

[ Network [ MNIST | BAGS

qo(z|x) | 4-Layer CNN [ 12-Layer CNN P RO N
po(x|z) | 4-Layer DNN | 12-Layer DNN (:
N

sy(y|x,z) | 1-Layer MLP | 2-Layer MLP

z ~ qy(2[x))
sy (y|x,2) = Softmax (f(z))
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MNIST Classification Results

| # of Labels | CNN | Conv-VAE |

100 | 7.32% | 6.87%
300 | 3.64% | 3.41%
500 | 2.49% | 2.06%
1000 | 1.54% | 1.50%
3000 | 1.16% | 0.87%

Figure: Error on Test Set

@ Conv-VAE trained with balanced minibatches

@ CNN uses same network as Conv-VAE
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MNIST Digit Reconstruction
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