
Train /Darkest set
Data training setltrainl development setldevl test set

Precious era → 60120120% ~ #datan100,000 -☐ 60,000/20,000/20,000

Big data → 981111% ~ #data v1.00.000-b 980,000/10,000/10,000
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Train set error : 1% 15% 15% 0.5%

Dev set error : 11% 16% 30% 1%
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Deep L- lager Neural Network

4- layer Neural Network
Layer : O 1 2 3 4

En :* :* layeroninputlayer
×, ir yo yalayerl-3~hiddenlayerxre.rua. a. layerllnoutputlayer
Xz Fue 14 14 HIGH • j
K, a. ¥74 ¥14

ShallowNN~lhiddenlayerxsa.amser deep NN ~ > thiddenlayer
• ÉTER Hawa

elements : 5 7 7 7 1

G- Yn # layers
no] ~ # Modes/elements in laylrl n°75 no?NINEZ n =p

a nactivationsinlayerl a":X a
"

.ci?yParameters
mejor:*:*

""

lowervalueosfasler
Wcl] € ☒

(na] , ncl
-1])

ya] E pycnce] ,e)
→ initializetoi.rand-omx-o.cn Convergence
→ initializeto : zeros

Hyperparameters
oqactivation function # iterations

*☒nlearningrate #lay③
⑨ noptinizalionparam .tthiddenunits-pp.ruAdam optimization params leamingratedecay_
COMO.
#ó'

mini.ba/-chsizeHyperparamelertuning-increaseconvergence
☐ Host important
☐ Second in importarle
☐Third in importarse
☐ Nerertuned



Neural Networks method
Repeat until Convergence
1. Forward propagation
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Host used activation functions
can be different for differentlayers
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Optimization algorithms
Mini-batchndivisionsofthetrainingset no>~ # variables
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Typical mini -batch sizes : 64,128,256,512=-2
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Ifmini -batch sizem : Batchgradientdescent somewhere
If mini- batch size-1 : Stochasticgradientdescent}
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between both

Adam Optimization .

Convergence :
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