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Train a Neural Network in TensorFlow

import tensorflow as tf

( ‘ o from tensorflow.keras import Sequential |
Q from tensorflow.keras.layers import Dense
- O
O r ) model = Sequential (I @
(N
] 3[1] O 5’[2] 3[3] Dense (units=25, activation='sigmoid’)
- — — — Dense (units=15, activation='sigmoid’)
O Dense (units=1, activation='sigmoid’)
- L—A -
O 1 unit ) ] .
o— from tensorflow.keras.losses import
._J 15 units BinaryCrossentropy
25 units model.compile (loss=BinaryCrossentropy () ) :Q_‘)
—J —
Given set of (x,y) examples model.fit (X,Y,epochs=100)

How to build and train this in code?

ero—d\s.n number of steps
WM gradient descent
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®

specify how to
compute ogtput
given inpuix and
parameters w,b
(define model)

fap () =2
@ specify loss and cost
1 example
(fap(x9),y® )

@ Train on data to
minimize J(w,b)

1
Jw,b) = —
m

© DeeplLearning.Al

logistic regression

z = np.dot(w,x)+ b

N

f x =1/ (l+np.exp(-2))
logistic loss

loss = -y * np.log(f x)
-(1l-y) * np.log(l-f x)

w =w — alpha * dj dw

b =b - alpha * dj db

Stanford onune

Model Training Steps -ensorlow

neural network

model = Sequential ([

Dense(...)
Dense(...)
Dense(...)

1)

binary cross entropy

model.compile (
loss=BinaryCrossentropy())

model.fit (X, y,epochs=100)
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1. Create the model

define the model import tensorflow as tf
f( ) =? from tensorflow.keras import Sequential

from tensorflow.keras.layers import Dense

[1] 3 [1] [2] 2] [3] 7,[3]
(j?vv b Wb WL b model = Sequential ([ L(//

Dense(units=§§, activation="'sigmoid’

)
Dense(units=;§, activation='sigmoid’)

| —

£(X)
—[2] .[2] J Dense (units=1, activation='sigmoid’)
b =

17 2[2] 23]

~ 1A ()2 )
‘ : —|Wg3],b£3]—>

P |
—[2 2
Wgs]rbgs] 1 unit
15 units

25 units

Andrew Ng
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2. Loss and cost functions

m
Mnist digit

binary classification W B 212 L (D) @
classification problem __ \a/]_(_ /B) m £ (FG9),5%)
(= : i=
L(f(D,y) = =ylog(/ () — (1 = »log(1 - /() wil w2 wid 5 jiz p 'FV\/ 2 ( )
Compare prediction vs. target
logistic |oss
also Known og binary crISs entropy
model.compile (loss= BinaryCrossentropy()) frgmnzinzizzi22£iiéis'losses import
: . i Yy
regression Keras

(predicting numbers ean Siuar‘ed errovy

and not categories) from tensorflow.keras.losses import

model.compile (loss= MeanSquaredError ()) eanSquaredError
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3. Gradient descent

0\ repeat {
\ wi =wll - a %, b)
Jw) | § minimum gwj
b W_,m__ Y =
\\\‘ & b] = b] a ab](w’ b)
w > } Compute derivatives

~ for 3mah'en‘l' descent
us "V\j ul;.ao(i prop a3 ation?

model.fit (X, y,epochs=100)
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Neural network libraries

Use code libraries instead of coding “from scratch”

® Tensor O PyTorch

Good to understand the implementation
(for tuning and debugging).
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Demand Prediction Example

affordability

awareness

= ©

perceived quality

[CleNe

© DeeplLearning.Al
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Z
—_—

all = gt -5+ bl

Sigmoid

ReLU pectified Linear Upit

[ 5(2) = max(0,7)
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Examples of Activation Functions
m) Loter: softmax activation

: "an /. 1
"Ng activation function 4 ag 1 _ g
Rectified Linear Unit

\
1? Q(Z) = ma!((O,_'Z‘.J

Linear activation function Sigmoid RelLU

1 4=

«<— 0 — z >
¥ 220
0<g(2) <1 9(2)is © §lz)is =
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Output Layer

) —
- 23] — .
Q alll O A= f() \Choosing g(2) for output layer?
: — >
i . 2] L3
O] 10 -
—/ —/
Binary classification Regression Regression
Sigmoid Linear activation function RelLU
y=0/1 Yy =+/- Y=0or+

>
&)

\

o

|
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Hidden Layer

a*l = f( ), Choosing g(2) for hidden layer

meet common charce
P RelLU fFoster
EV](W,B)C\\'. ®)

ot
when 9 (2) s 'F’\a‘l' Nol H

@pDeeplearning.Al  Stanford onune Andrew Ng



Choosing Activation Summary

)

Q gl O a2 =0
O

ﬁ E

O
= =

ReLU hidden layers

from tf.keras.layers import Dense

model = Sequential([
Dense (units=25, activation='relu'), |o\y&1‘1

Dense(units=15, activation='relu'), Io\\/&i")
Dense(units=1, activation='sigmoid") |N{9p5

1) | ,
or lnear
°or  'pely’

@pDeeplearning.Al  Stanford onune

b;“ap\/ C‘OLSS | { \. cu‘h‘aY\

activation="'sigmoid'
regcession Y ﬂeﬁ“_“f"/
",,g\f\\/c

activation='linear
pegrcss\‘ﬂ’\ Yy>o

activation='relu'
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Why do we need activation functions?

)
@ affordability

5 top seller?

wareness —

-1 >[2 . fG) = w-x+b
O GH™ =
N

@ perceived quality 1=

if all g(z) are linear... ...no different than linear regression
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Linear Example

11 _ (1] + pl1l
w 1S scalarn at’ - J bll
)' 2 2]

[1] a[z a[2] = Wl[ | a[l] + bl (2]

AL A =08 (W e P) 4 b

‘. is scalan R —>[2]—>\[1]é_/\ (2] , [1 2]
(2) =2z — - — >
Y w o

Stanford onune Andrew Ng
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O O :
- C‘i[l]Q al2l QEL[B] ql4]
S = I T —
g(z) =z O 09 @ 1
— — \TJ
' ' [4] 1
- —s |4 - 4 a =
altl =wit. gl 4 pl* R
“,” “Y\eap (iﬂC'V&t"\j OW\'\PU“') OM'_‘PM,\» QC,"\VQ'hon (s Q‘Sma]&
G equivalent to linear regression (hidden layers ctill linear)

(AN e,%ondeVl\' to \03\;—I|c re9 ress \on
Don't use linear activations in hidden layers (use RelU)
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MNIST example

W\b\l‘l’iclmSS c_\o\ssflf\'ca‘t"OY\ l‘pr‘obleyy\:
target Y can 4ake on more than twoe possible valves
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Multiclass classification example

P(y = 2[%)
N x c\lasS A N @ x @
X X xx X

x P(y = 1|%)
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Logistic regression
(2 possible output values)
Z=W-X+b

61\
X a,= g(z) = —= =Py=1R)
Oa*|-ay = Py=0IX)
©-29

Softmax regression
: 2) 0be
(N possible outputs) Y 4,230, M

WLI W;, co0er J WN

Parame‘fcr‘jzj ba, b, cee, bN

a] = leg:lezk = P(y = ]lX)

Note: adatat...tay=1

@pDeeplearning.Al  Stanford onune

Softmaxgregression (4 possible outputs) (\,=|,z,3,4

et
x21:W1'§+b1 -
A e+ e%* 1 @% 1 e*u
X O A
=P(y=1x) 0.30
—_—> - eZZ
Oz =W x+b a2=921+ezz+ez + e?4
=P(y=2[x) 0-20
—> - ez
Z3 = WX+ b © T em fen + e + e
=P(y = 3[%)
—> - 624
AZ4:W4'X+b4 a, =

e?1 + e?2 + e%: + e%4
=P(y =4I%) 0.35

Andrew Ng



Cost

Logistic regression Softmax regression
. a = ¢ = Py =1[%)
Z=W-X+b eZ1 + eZ2 + -+ + e2N
: eZN .
(2) = — 3 WSy e g e 0N
= = — — Zq VA e zZ
a, =gz 1+ oz P(y =1[x) e e e
L——\I—'/ (
/ = o) Crossentropy loss
e — = P = X A 1 —
@2=1"4, g N loss(a, ..., ay,y) = { 108%2 1y =2
\-—9 Az L
loss = —yloga; — (1 —y) log(1—a,) L
— \. v — ~ . ) _ 0
“(‘_\/:1_ ia }/-:.O loss = lOSQd \'(:\/‘-J
J(w, b) = average loss >
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Neural Network with Softmax ogtput

) o= © ® 0%
O D) ®a S e % -
e’r + -+ e10
* OOk | O
(1] 312] al3] . =P(y=1|9
A O :
O O U — —>[2] 8210
— Zig =Wy, ta@” tby Q1o = l
O e?r + .4 e%io
T j — = P(y = 10|D)
relw SsoftmaX o _ O
logistic regression
2 ' 1 ' i [3] _ [3] [3] _ [3]
5units 15 units IOlQJ(urtltses al? = 9(21 ) a)’ = g(zz )
class softmax

al3l= (aig], ...aﬁ’)]) =9 (21[3]» ZE)])
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MNIST with softmax

<::>specﬁythernodel import tensorflow as tf
fwb()==? from tensorflow.keras import Sequential
from tensorflow.keras.layers import Dense
model = Sequential ([
Dense (units=25, activation='relu')
Dense (units=15, activation='relu')
Dense (units=10, activation='softmax')
@ specify loss and cost ) ]

L(fwﬁ(XXY) from tensorflow.keras.losses import
EparseCategoricalCrossentropy)

model.compile (loss= SparseCategoricalCrossentropy () )

Train on data to model.fit (X,Y,epochs=100)
minimize / (w, b) Note: better (recommended) version later.
Dont use the version shown herel
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Numerical Roundoff Errors

option 1
2

* =710,000
option 2
| |
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Numerical Roundoff Errors

\

More numerically accurate implementation of logistic loss: |+"‘" -
o _ del - S fial (] 10,000 10,000
Logistic regression: moaeL = »equentia
1 Dense (units=25, activation='relu')
= = . |
C> g(Z) 14+e2 Dense (units=15, activation='relu') ‘hncar
Dense (units=10, activation='si 1d"'")

Original loss

i j =BinaryCrossEntropy () )
loss = — ylogla) — (1 —y)log(1 ‘®\ \2

model.compile (loss=BinaryCrossEntropy (from logits=True) )

More accurate loss (jn code) \J /\
1 1 A
lossz—ylog( )—(1—y)log(1— ) l0g T

1+e % 1+e 2
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More numerically accurate implementation of softmax

Softmax regression model = Sequential ([

Dense (units=25, activation='relu')

a ..., a = 9(z¢, ..., Z
( L 10) g(]' 10) Dense (units=15, activation='relu')
—log@ ify=1 Dense (units=10, activation=W)
- \ J
—loga;y ify =10 ltheat
moedet compitettoss=SparseCategoricalCrossEmtropyH. )

Loss = L(d,y) =

More Accurate

( efd)

)

—logi—/——F—— Jify =10

L(d,y) = 4

\

model.compile (loss=SparseCrossEntropy (from logits=True) )

e
[ S— —
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MNIST (more numerically accurate)

model import tensorflow as tf
from tensorflow.keras import Sequential
from tensorflow.keras.layers import Dense
model = Sequential ([
Dense (units=25, activation='relu')
Dense (units=15, activation='relu')

Dense (units=10, activation='linear’) )]
-

loss from tensorflow.keras.losses import
SparseCategoricalCrossentropy

model .compile(...,loss=SparseCategoricalCrossentropy(from logits=True) )
—_— _

fit model.fit (X,Y,epochs=100)
) n
predict logits = model (X) &

f x = tf.nn.softmax(logits)

~—

O‘t &1..'a

\S Zi""z(o
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logistic regression
(more numerically accurate)

model model = Sequential ([
Dense (units=25, activation='sigmoid"')
Dense (units=15, activation='sigmoid"')
Dense (units=1, activation='linear')

from tensorflow.keras.losses import
BinaryCrossentropy

loss model.compile (..., BinaryCrossentropy (from logitSZTrEE)) )
cTOm

4

model.fit (X,Y,epochs=100)
fit logit = model (X) :Z.t»

predict f x = tf.nn.sigmoid(logit)
-;—\NJ
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Is there a bus? no Y=|0
|

Is there a car? ves [ '
Is there a pedestrian 7¢s
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Multiple classes

. = - -=[3] . = -4 =3 X O -~ O o 2| 3]
a[1]a[2];’. car — ;‘; bus Hamé ()4 pedestrian

Alternatively, train one neural network with three outputs

—) ) SER
1]|O 2]IO 3] o | car

)
O iR E‘—[>Qi[> dll=]gl®] bus
O
——/

O _a£3]_ pedestrian
— gigwol q,

activat ons

Andrew Ng

@pDeeplearning.Al  Stanford onune



@& DeepLearning.Al

Stanford Additional Neural Network
o Concepts

Advanced Optimization




Gradient Descent

Wj=wj—a— J(w, b)
t le,ar\mng rate
A A
;mw\\)«\
W ](Wl b) Wo ](W, b)
1\ 1)
> Adam >
Wy Stardt algar‘iﬂlm
Go faster — increase o Go slower - decrease a
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Adam Algorithm Intuition

Adam: Adaptive Moment estimation net justone ol
\ 5 g’
_ 0 -
Wy = Wy —%](W,b)
o o
Wio = Wy “10m](w: b)

b= b—gwib](v—’v,b)
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Adam Algorithm Intuition

A A
m\mW’\
W, J(w,b) w, J(w, b)
> .
W1 S‘tao(“l' W1 )
If w; (or b) keeps moving If w; (or b) keeps oscillating,
in same direction, reduce a;.
N—

increase a;.
e
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MNIST Adam

model

model = Sequential ([
tf.keras.layers.Dense (units=25, activation='sigmoid")
tf.keras.layers.Dense (units=15, activation='sigmoid")
tf.keras.layers.Dense (units=10, activation='linear')

1)

: —10 3
compile =10 "=0.001

r—""—\
model.compile (optimizer=tf.keras.optimizers.Adam(learning rate=le-3),
loss=tf.keras.losses.SparseCategoricalCrossentropy (from logits=True))

fit

model.fit (X,Y,epochs=100)
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Dense Layer

)

Each neuron output is a function of
all the activation outputs of the previous layer.

a[z] —g (V—‘;[z] gl biz])
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Convolutional Layer

\__

Each Neuron only looks at
part of the previous layer’s inputs.

Why?

« Faster computation

* Need less training data
(less prone to
overfitting)

O-O0000)
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Convolutional Neural Network

| 0 N i

xl xz x3 ................. X 100 {COY\VOl U+‘0ha| la\/er‘ VVGSCV\CC

X1

X2 } X1 — X20
X
3 X11 — X309

- or absence
){ of heartdisease

[1] [1]

OO

'%; "\
1 3[1]3 o O al2] al3l
—
. 2 5 ,J N o
3 7
Xeaq — X romaid
_<_L_ X100 } 81 100 O &19hoal

9 units
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