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Jupiter “GPU” home work released Wednesday. First part of class will focus
on this. Presented by graduate student Emma Ozanich. \/
Today:
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Activation Functions
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axon from a neuron
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Activation Functions

/Sigmoid Leaky ReLU ’
_ 1 max(0.1z, )
0(%) = o=

tanh

Maxout
tanh(z)

max(wix + by, wl z + by)

RelLU ELU
max (0, x) {fL‘ z>0
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Consider what happens when the input to a neuron (x)
is always positive: -
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Consider what happens when the input to a neuron is

always positive... allowed
gradient
update
directions
f .
f E wz CL‘Z + b allowed zig zag path
- gradient
(] update
directions
hypothetical
What can we say about the gradients on w? optimal w
vector

Always all positive or all negative :(
(this is also why you want zero-mean data!)
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What happens when x = -10?"
What happens when x = 0?
What happens when x = 107?

AL

active ReLU
DATA CLOUD

ad RelLLU
will aever activate

=> never update




TLDR: In practice:

Use RelLU. Be careful with your learning rates
Try out Leaky RelLU / Maxout / ELU

Try out tanh but don’t expect much

Don’t use sigmoid



Step 1: Preprocess the data

original data zero-centered data normalized data

X -= np.mean(X, axis = 0) X /= np.std(X, axis = 0)

BN

(Assume X [NxD] is data matrix,
each example in a row)



Batch Normalization [loffe and Szegedy, 2015]
W X(PZ)

Normalize:
k k
() _ r(k) _ E[x( )]
K
\/V3r[x( )] Note, the network can learn:
And then allow the network to squash (k) — \/Var[gj(k)]

the range if it wants to:

Bk = E[x(k)]

to recover the identity
mapping.




Batch Normalization

Input: Values of z over a mini-batch: B = {x1._,, };
Parameters to be learned: v, 3

Output: {y; = BN, 5(z;)}
=3 // mini-batch
— x; mini-batch mean
LB = T C C

og — — Y (x; — pg)? // mini-batch variance

// normalize

Y; — ¥Z; + B = BN, g(x;) // scale and shift

[loffe and Szegedy, 2015]

Note: at test time BatchNorm layer
functions differently:

The mean/std are not computed
based on the batch. Instead, a single
fixed empirical mean of activations
during training is used.

(e.g. can be estimated during training
with running averages)



Babysitting the Learning Process
2oy ML

Step 1: Preprocess the data

original data zero-centered data normalized data
10 10

: Stép 2: Choose the architecture:
, - say we start with one hidden layer of 50 neurons:

X -=

50 hidden

T
neurons
/ ot layer 10 output
CIFAR-10 input neurons, one
images, 3072 layer hidden layer per class

numbers
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Hyperparameters to play with:
- network architecture
- learning rate, its decay schedule, update type
Cross-validation strategy - regularization (L2/Dropout strength)

coarse -> fine cross-validation in stages

First stage: only a few epochs to get rough idea of what params work
Second stage: longer running time, finer search
... (repeat as necessary)

Random Search for

Ra N d om S earc h VS. G rl d S earc h yper—Parameter Optimization

Bergstra and Bengio, 2012
Grid Layout Random Layout
as
) (N 0 (2

2 \N

°
°
°
Unimportant Parameter
°
Unimportant Parameter

Important Parameter Important Parameter



Monitor and visualize the loss curve
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Epoch 4

low learning rate
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Summary TLDRs

We looked in detail at:

- Activation Functions (use RelLU) =

- Data Preprocessing (images: subtract mean) *
- Weight Initialization (use Xavier init)d—

- Batch Normalization (use)

- Babysitting the Learning process

- Hyperparameter Optimization
(random sample hyperparams, in log space when appropriate)
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Concept: Complex models can learn data-label relationships we
may not extrapolate to new cases.
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covly(x),y(x')] = cov[p(x) w, w' P(x')]
= ¢(x) ' Sno(x) = B k(x, ).
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k(x,2) = (%) Tep(2)
P(x) = 8128 (%)



