Optimization Methods
for Deep Learning




Gradient descent for non-convex optimization

Descent Lemma: Let f : RY — R be twice differentiable, and
| V4f]l, < B. Then setting the learning rate = 1/f3, and
applying gradient descent, x,, ; = x, — 1 Vf(x,), we have:
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Converging to stationary points

Theorem: In T = O(%) iterations, we have ||Vf(x)||, < e.
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Gradient Descent for{Quadratic Functions
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Momentum: Heavy-BaII Method (Polyak ’64)
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Momentum: Nesterov Acceleration (Nesterov '89)
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Newton’s Method

A
Newton’s Method: x, ; = x, — 1( sz(xt))_1 Vi(x,)
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AdaGrad (Duchietal.’11) j.p20)( WV’W”/

Newton Method: x,, | = x, — n( V*f(x)) "' Vf(x,)
AdaGrad: separate learning rate for every parameter
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RMSProp (Hinton et al. ’12)

AdaGrad: separate learning rate for every parameter
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RMSProp: exponential weighting of gradient norms )
Xep1 =% — (G + el)~!* Vf(x,), 6 < /5 = \
(Gi)ii = PGy + (1= PYVIO))>  prpinatd 0507

\v\/\; /f“ o (o)




Py
AdaDelta (Zeiler ’12) oK il of X
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Adam (Kingma & Ba ’14)

Momentum:

Vipr = — V) + v, X =X+ vy
RMSProp: exponential weighting of gradient norms

X1 =X — (G + el)™! Vf(x),

(G = PGy + (1 = PYVS(x))
Adam

Vg1 = v+ (1 = fp) Vix)
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Xep1 =X =Gy + €)™y,

Default choice nowadays.



Important Techniques
In Neural Network
Training




Gradient Explosion / Vanishing

* Deeper networks are harder to train:
* Intuition: gradients are products over layers
* Hard to Control the Iearning rate
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Activation Functions
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. ReLU )

R(z) =max(0, z)
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Rectified Linear United



Activation Function

Sigmoid Hyperbolic Tangent
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Non-Linear
Activation
" A -1 |
Functions 1 0 1 1 0 1
y=1/(1+e™*) y=(e*-e™*)/(e*+e™x)
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X, X20
y=max (0, x) y=max(ax, X) y={a(ex_1) ,X<0

a = small const. (e.g. 0.1)



Initialization W@

Ty
* Zero-initialization (M/ ;( 7)

 Large inttialization
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* Design principles: & ( J] 0
e Zero activation mean

 Activation variance remains same across layers
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