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REGULARISATION

The number of input and output units is generally imposed by the problem, but the number

of hidden units may vary
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REGULARISATION

Yet the generalisation performance is not a simple function of M

T
el Example: error on left-out data
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WEIGHT DECAY

L2 regularization
~ A
Again, the traditional technique: penalise large weights E(W) — E(W) T EW "W,
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Treat the weights of each layer separately, and do not constrain the biases
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Example: Polynomial curve fitting
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EARLY STOPPING

AN ALTERNATIVE IS TO STOP TRAINING WHEN
PERFORMANCE ON A VALIDATION DATASET STARTS TO DEGRADE
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This is similar to weight decay: if we start from the origin, stopping early restricts the weights
to small values
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TECHNIQUES

WEIGHT-DECAY:

PENALIZE LARGE WEIGHTS USING PENALTIES OR CONSTRAINTS ON
THEIR SQUARED VALUES

EARLY STOPPING:

START WITH SMALL WEIGHTS AND STOP THE LEARNING BEFORE IT
OVERFITS.



