Deep Learning Study

Byungchan Lee
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Hyperparameter Tuning
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# hidden units

Learning rate decay

# layers

mini-batch size
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Hyperparameter Tuning
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*" Try Random Values
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Hyperparameter Tuning

= Coarse to fine
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Hyperparameter Tuning

= Using an appropriate scale

= # of layers 2,3,4
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Hyperparameter Tuning

Cost function or
Dev Set Error
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= Panda approach
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Experiment Code
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= Caviar approach
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Batch Normalization

= Sergey Loffe, Christian Szegedy (2015) https://arxiv.org/abs/1502.03167

Batch Normalization: Accelerating Deep Network Training by Reducing Internal Covariate
Shift

Sergey loffe, Christian Szegedy

Training Deep Neural Networks is complicated by the fact that the distribution of each layer's inputs changes during training, as the parameters of the previous
layers change. This slows down the training by requiring lower learning rates and careful parameter initialization, and makes it notoriously hard to train models
with saturating nonlinearities. We refer to this phenomenon as internal covariate shift, and address the problem by normalizing layer inputs. Our method draws
its strength from making normalization a part of the model architecture and performing the normalization for each training mini-batch. Batch Normalization
allows us to use much higher learning rates and be less careful about initialization. It also acts as a regularizer, in some cases eliminating the need for
Dropout. Applied to a state-of-the-art image classification model, Batch Normalization achieves the same accuracy with 14 times fewer training steps, and
beats the original model by a significant margin. Using an ensemble of batch-normalized networks, we improve upon the best published result on ImageNet
classification: reaching 4.9% top-5 validation error (and 4.8% test error), exceeding the accuracy of human raters.

In Tensorflow

= tf.nn.batch-normalization(..)
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https://arxiv.org/abs/1502.03167

Batch Normalization
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= (C2W1L09) Normalizing inputs
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Batch Normalization
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Batch Normalization

e X1 o (Wt p11) S 200 S B (111, gIT) S 5000 o g1l s 520
e X2 o (Wt p11) S 210 S BN (111, gIHT) S 5000 S g1l s 2]

** Normalize Z using just the data in that mini batch

At test time, you might need to process the example one at a time

= 1,07 : estimate using exponentially weight moving average(EMWA) across mini-batch

= compute ZLi(])Tm using i, 0.2’ )/[i], ﬁ[i] https://en.wikipedia.org/wiki/Moving average
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https://en.wikipedia.org/wiki/Moving_average

Batch Normalization

Cat Non-Cat
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Batch Normalization
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Batch Normalization

Batch Normalization as regularization

= Each mini-batch is scaled by the mean/variance computed on just that mini-batch

This adds some noise to the values z!! within that minibatch. So similar to dropout, it adds some noise
to each hidden layer’s activations

This has a slight regularization effect

Bigger mini-batch size reduce the regularization effect.

Don’t use batch normalization as a regularization. (It is almost an unintended side effect)



Multi-class classification

Recogmzmg cats, dogs and baby chicks
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Softmax examples ..~
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Multi-class classification

= Softmax vs Hardmax

= Softmax regression generalizes logistic regression to C classes
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Loss function & Cost function

= L(D,y) = — ?=13’i log y;
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Multi-class classification

o [0 —
o 19 9 P [ [ 5
X 0=2O=210== O = O=O= = J
o o~ o o~ o o 8§’
= = > \ ch AT
< - () - :%—)i(Mb

2020-07-07 SNU Weekly Meeting 18



