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Batch gradient descent (Vanilla gradient descent)
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Stochastic gradient descent(SGD)
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Mini-batch gradient descent
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Gradient descent optimization algorithms T

Gag) B @ gaaw) )» OBlwg s (Anb @ pleigs b
GOls g5 )
 Momentum
» Nesterov accelerated gradient
« Adagrad
® Adadelta Optimiser | Year | Learning Rate | Gradient
Momentum | 1964 v
* RMSprop it an
» Adam T T — 7
» Nadam TS N B /
« AMSGrad AVSGrad | 2018 - 7
https://towardsdatascience.com/10-gradient-descent-optimisation-algorithms-86989510b5e9 M
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Momentum m—
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SGD without momentum SGD with momentum
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Nesterov accelerated gradient -

Nesterov Accelerated Gradient (NAG), is to measure the gradient of the cost
function not at the local position but slightly ahead in the direction of the
momentum

Cue80.8 ey Yy gwlnl 1) 2gaub 3l )
Jdlac)! obsh5 ST guaw § 3¢, allo
3013 (,

Momentum update: Nesterov Momentum
Velosiy - Gradient |
actual step actual step
: B

Gradient ”

Nesterov, Y. (1983). A method for unconstrained convex minimization A
problem with the rate of convergence O (1/k” 2). Doklady an ussr.
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optimizer = keras.optimizers.SGD(1lr=0.001, momentum=0.9, nesterov=True)

h
Momentum update: Nesterov Momentum
. Gradient
Velocity Velocity
actual step actual step
-
Gradient
0, Cost
I
A
Starting _ s
p0|nt ......

— Ty Regular
momentum update

Groc P30 Hands-on Machine Learning with Scikit-Learn, Keras, and TensorFlow
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\ ., Momentum Jump
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Slope Jump

1Y [ NAG_ball (Nesterov’s
Accelerated Gradient)
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SGD
Stochastic gradient descent optimizer.

NeStrov g ¢ wals p3sL wups momentum jl pled¢,e ogud 3l )
)3 asl@wl momentum

keras.optimizers.SGD(Ir=0.01, momentum=0.0, decay=0.0, nesterov=False)

Pl Sk b

Ir = self.Ir * (1. / (1. + self.decay * self.iterations))
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https://florian.github.io/rprop/
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resilient backpropagation -
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Jumping over the optimum Going in the direction of the optimum

Riedmiller, M., and H. Braun. "A Direct Adaptive Method for Faster Backpropagation Learning: The
Rprop Algorithm." Paper presented at the IEEE International Conference on Neural Networks, 28
March-1 April 1993 1993.
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Adaptive gradient

-—
 Adaptive gradient

keras.optimizers.Adagrad(lr=0.01, epsilon=None, decay=0.0)
In its update rule, Adagrad modifies the general learning rate n at each time step t

for every parameter based on the past gradients

s o OL
G \/St—|—€ (‘9wt

St = Si—1 + {—

Duchi, John, Elad Hazan, and Yoram Singer. "Adaptive Subgradient Methods for Online
Learning and Stochastic Optimization." Journal of machine learning research 12, no. 7

(2011).
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optimize

-_l

r = keras.optimizers.RMSprop(lr=0.001, rho=0.9)

RMSprop and Adadelta have both been developed independently around the
same time stemming from the need to resolve Adagrad's radically diminishing

learning rates.
RMSprop as well divides the learning rate by an exponentially Moving average

of squared gradients.

St — ,BSt_
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V100 = 0.9V99 + 0.16,¢¢
(V99 = 0.9v9g + 0.1859

1+ (1 — )

http://ruder.io/optimizing-gradient-descent/
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Exponentially Weighted Averages

Exponentially weighted averages

Ves BN (-p) O
Q: 0-q % \o A‘“"P +"~(°J~

P-_ 6-ag & So 3“"?

temperature

days

0.1%0.9%0.9

X 0.1%0.9%0.9%0.9
e 0.1%0.9%0.9%0.9%0.9
Coefficients
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RMSprop
A mini-batch version of rprop
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Adadelta -

Accumulation of the squared gradients in the denominator
causes the learning rate to shrink and eventually become
infinitesimally small, at which point the algorithm is no longer

3.1. Idea 1: Accumulate Over Window

Instead of accumulating all past squared gradients, Adadelta restricts the window of

accumulated past gradients to some fixed size w.
keras.optimizers.Adadelta(Ir=1.0, rho=0.95, epsilon=None, decay=0.0)

1/ Dt—l + € oL
Wi41 = Wy — \/U T e : w with D and v initialised to 0, and
)t ; It

where

Dp_ — .SD,{_I -+ (1 —_— [3}[&“.’{_]2
oL 1*
owy

vy = .BTJr_ | + (] - ,['j)|:

Zeiler, Matthew D. "Adadelta: An Adaptive Learning Rate Method." arXiv
S preprint arXiv:1212.5707 (2012).
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3.2. Idea 2: Correct Units with Hessian Approximation 1 Af

. of 52f — Of
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— Eg'
80
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\V Dt—l + € ' OL with D and v initialised to 0, and
VU + € Ow;

QIJ£+1 = Wt —

where
Dy =pBD;_1 + (1 — [3}[&“"1]2
oL 1*
vy = P+ (1 — ) [—]
Owy
B spsy keras.optimizers.Adadelta(Ir=1.0, rho=0.95, epsilon=None, decay=0.0)

https://medium.com/konvergen/continuing-on-adaptive-method-adadelta-and-rmsprop-1ff2c6029133
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Adaptive moment estimation

RMSprop
keras.optimizers.Adam(lr=0.001, beta_1=0.9, beta_2=0.999, epsilon=None, decay=0.0, amsgrad=False)

Adaptive Moment Estimation (Adam) is another method that computes adaptive
learning rates for each parameter. In addition to storing an exponentially decaying
average of past squared gradients like Adadelta and RMSprop, Adam also keeps
an exponentially decaying average of past gradients, similar to momentum.
Whereas momentum can be seen as a ball running down a slope, Adam behaves
like a heavy ball with friction, which thus prefers flat minima in the error surface

Kingma, Diederik P, and Jimmy Ba. "Adam: A Method for Stochastic
& Optimization." arXiv preprint arXiv:1412.6980 (2014).




NADAM T

Nadam (Dozat, 2015) is an acronym for Nesterov and Adam optimiser.

avg grads = betal * avg grads + (l-betal) * w.grad
avg squared = beta2Z * (avg squared) + (l-beta2) * (w.grad ** 2)

w =w — 1lr * avg grads / sdgrt(avg squared)

avg grads = betal * avg grads + (l-betal) * w.grad
avg squared = betaZ * (avg squared) + (l-beta2) * (w.grad ** 2)
lmax_squared = max(avg_squared, max squared) |

w =w — 1lr * avg grads / sdgrt(max squared)

Gxec SP3s0 o=


http://cs229.stanford.edu/proj2015/054_report.pdf

calculated for every sample in the dataset

per epoch)
Gradient descent

NAG (Reduce error by using future step) 3
Mini-batch gradient descent ( Similar to SGD

but on mini batches. Note:This is often

Momentum( Throwing the ball downhill - Go faster if referred to as SGD)
going in right direction)

Batch gradient descent (Gradient calculated -
on entire data set)
Stochastic gradient descent (Gradient

Adaptive learning rate

Adadelta (decaying average of all past squared
gradients)

Adagrad(Adapts leaming rate to the parameters based
on previous gradients), but has learning rate shrinking

problem

RMSProp(decaying average of all past squared :,‘ &

gradients) E

f Adam(RMSProp + bias-correction + momentum)
Nadam (Adam + NAG) S
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« Ruder, S. (2016). "An overview of gradient descent optimization
algorithms." arXiv preprint arXiv:1609.04747.
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