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Optimization Methods
for Deep Learning




Gradient descent for non-convex optimization

Decsent Lemma: Let £ : R? — R be twice differentiable, and
| V2fll, < B. Then setting the learning rate 7 = 1//3, and
applying gradient descent, x,, ; = x, — 1 Vf(x,), we have:
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Theorem: In T = 0(—) iterations, we have ||Vf(x)|[, < €.
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Gradient Descent for Quadratic Functions
opts K=0 | Symactic, ]{WM’W"”([/ Amsn (A) 2O

Problem: min —x ' Ax with A € R% peing positive-definite.
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Theorem: Let A, and 4_;, be the largest and the smallest

eigenvalues of A. If we setp < L we have
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Momentum: Heavy-Ball Method (Polyak ’64)
Ve = K~ Ho OF (K0

Problem: mxlnf (x) o 3o 0ot wok
Method: v, = — Vf(x) + Bv, - Sty (36
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Momentum: Nesterov Acceleration (Nesterov ’89)

Problem: min f(x) _ \77[ (}(Q/yaw g K

Method: v, = — Vf(x, + fv,) + pv
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Polyak's Momentum Nesterov Momentum
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Newton’s Method: x,, | = x, — 7( sz(xt))_1 Vfx,)
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AdaGrad (Duchi et al. ’11) ® Waif] s HESE
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Newton Method: x, | = X, — n( YJ_”\(&D Vf(x,)
AdaGrad: separate learning rate for every parameter
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RMSProp (Hinton et al. ’12)
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AdaGrad: separate learning rate for every parameter
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RMSProp: exponential weighting-ef gradient norms
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AdaDelta (Zeiler ’12)

RMSProp:
X1 =% = 1(Gpyy + €D 2 Vf(x)),
(G = BGy + (T = BV f(x))

AdaDelta: . oame&

7UIM((‘ (> >\

Xpp1 = X, — nAx, —

Ax, = 1{ut+€ (Gt el)” 2V fx) 9%

(Gt+1)u — ,D(Gt) + (1 _ p)( Vf(xt) )
4y = ot + (1= P)IAx IS —
D« &X oL 3% 0<"“”‘€7l

Vot : 2ok oL 22T )

> D(uwn(?’;sj' X



Adam (Kingma & Ba ’14)

Momentum:

Vip1 = — V) + Py, Xy = X+ vy
RMSProp: exponential weighting of gradient norms
K1 = % = NGy + €D~ f(x),

(Gyii = P(GYy; + (1 = p)(Vf(x),)

Adam:

Vit = Pt A = B V)

(Gt+1)ii — :BZ(Gz)ii + (1 _ ﬂz)( Vf(xz)i)z
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X1 = X — (G + €)™y

Default choice nowadays.
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Other Optimizers



Are these actually useful
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(a) CIFAR-10 (Train) (b) CIFAR-10 (Test)

Figure 1: Training (left) and top-1 test error (right) on CIFAR-10. The annotations indicate where the
best performance is attained for each method. The shading represents & one standard deviation computed

across five runs from random initial starting points. In all cases, adaptive methods are performing worse on
both train and test than non-adaptive methods.

Wilson, Roelofs, Stern, Srebro, Recht ‘18




Important Techniques
in Neural Network
Training




Gradient Explosion / Vanishing

47 Pel U

» Deeper networks are harder to train:
* Intuition: gradients are products over layers
* Hard to control the learning rate

%(K/Mr - V/H-(()tu/H‘t( ({(\/H’—_ K[Wf}()” )

/mi: = (V/Ha /‘}H U/W‘A%) ( (4(/;4 Wy — U/f)()
o pogatady o~ Groadktae T /W}(
L g urede gﬁ/ Subgpat/ q9e) oAty

§ Vit €9 st



Activation Functions
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RelLU
R(2) =maz(0, z)
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Rectified Linear United
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Activation Function

Sigmoid Hyperbolic Tangent
Traditional
— ol

Non-Linear
Activation
: -1 -1
Functions 1 0 1 P 0 1
y=1/(1+e™) y=(e*-eX)/(e*+e™)
RectifiigeLLirl\;)aar Unit Leaky ReLU Exponential LU
1 1 1
Modern
Non-Linear o 0 0
Activation
Functions
-1 -1 -1
-1 0 1 -1 0 1
X220
y=max(9,x) y=max(ax,X) y= {a(e" -1),x<0

a = small const. (e.g. 0.1)
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Initialization _ Yo sabs
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. Zero-initialization _ >y ogp Awse Grods,

« Large initialization > S(algﬁlj

 Small initialization
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 Design principles:
» Zero activation mean

 Activation variance remains same across layers



Xavier Initialization (Glorot & Bengio, ’10)
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« Experiments (tanh activation)
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Kaiming Initialization (He et al. ’15)

W~ g <0 3).
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- bW =0
» Designed for ReLU activation

» 30-layer neural network
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