











































































































Mini Gatchgradient descent

Vectorization allowstto efficiently computeon m examples
however m is big it can be slow

Ex d x Ix x I l km
neon w
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x em em

T i i y Ii it l I I
Gmt w

iii at

m 5ooo ooo 5 ooo mini batches each of
i ooo examples

mini batch t x y

one step of gradient descent using it KH
mini batches

Repeat until convergency
for t l 5 eco

Forwardpropagation on It
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Compute cost planetsyet

sits hi if t Ell wellE
Backprop to computegradient cost tht
we ul h dat Gei e Ge h dGe

g
1 epoch singlepass through thetraining set

Trainingwith mini batch gradient descent
Batchgradientdescent MiniGatch gradientdescent

E fammamma
Y

iterations minibatch E

x 4 mini batch maybeharder than K 4

oscillation














































































































choosing mini batch size

tfmini batch size on Batchgradient descent
if mini batch size 1 stohasticgradientdescent

Inpractice 3 r E size Em

SGD lose speedup from
vectorization

f BGD Too longper iteration

E t.EE een oEsi.ation
theentire dataset

If small trainingset use batchgradientdescent
else use mini batch

with size 64 128 256 512

Make sure mini batch fit in Cpu GPU memory














































































































Exponentially weighted averages

A Vo o

c 4 0 auto no
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days
hyperparameter

Vt D Ut n t r B One 7 Tp days
B o g lo days average
B 0.98 50days average

math stuff
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Implementing Von o onlyonevariableto store
RepeatC
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Bias connection in exponentiallyweightedaverage

11

it initiitin bt

tw

Uo o n u
up o 98Uo t 0.02 r Ur much lowervalue

f
thanthe valid one

2 0.98 It a 02Onz 0.98 o o2 r t 0.02 02
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Y 0.0196Gt removing
O O396 bias

if t is large At ko no effect to bias
purpleandgreenline are prettyoverlap

using exponentiallyweightedaverage to build better
optimizer J














































































































Gradientdescent with momentum

use exponentiallyweighted average to compute derivatives
almost alwaysfasterthan gradientdescent

minimum

Nfh
Enmentum

agradientdescent a7Eg
if learningmatetoobigovershoot c

faster learning

Momentum n

iterate t
velocity

compute du Ile on current mini batch

du B Uda t k Al du smooth out gradient
da EITI U al tawdariton
W W h Ud w G G D V IG

Hyperparameters A IB
usually G o 9

a last eoexample
average














































































































RMSprop rootmean squarepropagation
Kr G are high

Effi
faster

iterate t i
y

elementwise

compute du der on current mini batch
Sdw Bz Sdw t e Af duh small

Sdb Azs da t U pre def large

W w hi FIFE b G tide
to 8 small number
inorderto do not decideby zero

Adam optimization algorithm
work well on wide rangeof architectures
use momentum and Roesprop

Udw o S du 0 Vallee Sdb
iterate t
compute du der on current mini batch














































































































die Br V dat r A e die momentum like
db Be Uda t lets e l d b

s d w Bz Sdw t lets e duh J Rbisprop likeSdb Az Sdu t r A 2 dld
Udffected Udw Li nil bias connection
ugoneted Voice U ret
sodomite saw r EE bias correction
gadefected Sdb e AE

connected

5 7 te
G ee g

Vaccinated
it it AUDI JEE t E

combine the effect of gradientdescent with
momentum and with Roesprop
we can use larger learning rate

Hypenparameterschoice

D needs to be tune
Boi i 0.9
B z 0 999

C e a 8

Adam Adaptive moment estimation














































































































hearning rate decay

minimum

learningratedecay 3

take smaller steps betterconvergence

lxmlxesf.TT
epoch l
epoch 2

µ
otherhyperparameter
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No exponentiallydecay
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discrete decay


















































In two dimensions easy to create local optima 
but in high dimension space most points with Zero gradient it is a saddle point •
to be a local optima in each direction have to be a convex or concave curve •

 
 
 
 
 

 
 
 
 
 

unlikely to get stuck in a bad local optima => use large NN with many parameters 
Plateaus can make learning slow => momentum, Adam

Theproblemof local optima

1 saddle
point

fiftuna I

WiK globaloptimal we

high dim 2 oooo p 2
2000 the chanche to

be a localoptima
plateausproblem demwative iscloseto zerofora long time

verylongtime
tofinda way
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