Lecture 11:
Neural Networks

Homework 2, due Wednesday, November 5 @ 11:59pm w




Kernel Methods



Kernel rid

ion with featum(\)g J/ 4

1
W = arg min —IIy ¢(X)W||2 + ﬂ—| w3

weR?
cb(x) —@]:m}? e
i— 1 ”} Cract

Let K € R be the kernel matrix, where K; ;= ¢ )Tgb(x) Sowme

Pt ?(, \;L

a = argmln —||%{a y||2 —AaTKa
cR”

m— ————

Thus' a\kernel — (K + ;LIan)_ly
\

TN T

. Prediction Dy, = W () = D, ap) Pp(Xoey) = ) KX, X,e 1)
i=1 i=1




1 — xII3
RBF kernel k(x;, x) = exp :
6 -
s L) = IKa -yl Al fj«x&ﬁwf—v vedodfit
the

e The bandwidth 67 of the kernel regularlzes e predictor, and me regularization
coefﬂglen)j‘ﬂ also regularlzes the predlctor
o=10"

y“ ! = A=10"" 55 0—10 2 =101
r —— True f(x) I — True f(x)

Fitted f(x) ) Fitted f(x)
. Data 60




2
1; — 12 }

RBF kernel (x, x) = exp{ —
O

o« (@) = [Ka-yll; + Alwll;

e The bandwidth 67 of the kernel regularizes the predictor, and the regularization
coefflc:lent A also regularlzes the predlctor

c=10"2 =101 c=10"2 A=10" T 1070 A =10""]
y - I —— True f(x) v A —— True f(x) N — True fix)
| Fitted f(x) ) Fitted f(x) . . Fitted f(x)

. Data

'x .- Data 5 X . ‘ - Data
._ 55
. \ .
.' \ A >~50 :
/ 45 ¢ /
40 :

0_100A—104

—— True f(x)

Fitted f(x)
. Data




Neural Networks

https://playground.tensorflow.org/



https://playground.tensorflow.org/

Single node of a neural network

e For a single node with inputx S [Rd the node is defined by
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Sequence of operations performed at a single node

e For a single node with input x € R? the node is defined by

e Parameter @ € R%*! (including the intercept/bias)
e Activation functiong : R — R
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Neural Network composes simple functions

to make complex functions fupot, &SE,OY -
« Neural Network is a simple single node on features, in this example: (¢‘% (2) 3(2), 3@) o §®
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Neural Network composes simple functions
to make complex functions

e Each layer performs simple operations

e Neural Network (with parameter @ = (81, 9®)) composes two layers
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al) = “activation” of unit in layer j

OU) = weight matrix stores parameters
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Multi-layer Neural Network - Binary Classification in {0,1}

L-th layer plays the role of features, but trained instead of pre-determined

(Learned) feature representation  Logistic

This is a 5-dimensional vector /\j\ jr’egre\k:ion
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Multi-layer Neural Network - Binary Classification in {0,1}

L-th layer plays the role of features, but trained instead of pre-determined

(Learned) feature representation  Logistic
This is a 5-dimensional vector regression
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Multi-layer Neural Network - Binary Classification
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K-class Classification: multiple output units

Motorcycle

Multi-class
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Training Neural
Networks
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Gradient Descent: @(l) {<— @(l) — UV@(Z)L(% ?/J\) W/

Seems simple enough, what do packages like PyTorch, Tensorflow,
Theano, Cafe, MxNet provide?

1. Automatic differentiation
1. Given a NN, compute the gradient automatically
2. Compute the gradient efficiently

2. Convenient libraries
1. Set-up NN
2. Choose algorithms (SGD,Adam,etc.) for Training
3. Hyper-parameter Tuning

3. GPU support
1. Linear algebraic operations




Common training issues

Neural networks are non-convex

- For large networks, gradients can blow up or go to zero.
This can be helped by batch-norm or ResNet architecture

- Stepsize and batchsize have large impact on optimizing the
training error and generalization performance

- Fancier alternatives to SGD (Adagrad, Adam, LAMB, etc.) can
significantly improve training

- Making the network bigger may make training faster!



Back Propagation
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e We are not writing the intefcept at each layer for simplicity
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Recursively Computed
B k computed in in the
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Backprop
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Recursive Algorithm!
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0D Backpropagation

[ et AE;-) =0 Vi, (Used to accumulate gradient)
For each trammg instance (X Vi)
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Questions?

[Homework 3 Problem B1 on Perceptron]
'Homework 3 Problem A4 on PyTorch on simple NNs]

'Homework 3 Problem A5 on Simple NN with MNIST]
‘Homework 4 Problem A3 on CNN and CIFAR]




