Shallow Neural Network

(Small-size, standard ANN)
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1 layer ANN
2 inputs, 3 outputs
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Exercise
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Compute the output vector a,
for each input vector x®
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Input

Hidden layer
15t layer

Neural network representation
2- layer NN

Output layer
2nd layer
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Feedforward Neural Network

input hidden hidden output  output
(layer) layer layer layer
The arhitecture of a multilayer feedforward neural network
It is common for different layers to have different humbers of neurons.

Multiple-layer networks are quite powerful.

An ANN of two layers, where the first layer is sigmoid and the second layer is linear,
can be trained to approximate any function (with a finite humber of
discontinuities) arbitrarily well - universal aproximator
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2-layer NN. Illustration for 2 inputs 1 output; 1 example A heuron in
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to compute the NN’s output.

R G. Oltean



Exercise

a) Draw the schematic diagram for an ANN with:
« 3inputs

* 1 hidden layer with 4 neurons

 output layer with 2 neurons (2 outputs).

b) Represents the vectors or matrices for the input, all intermediate variables,
and the output.

c) Represents the vectors / matrices for the training parameters in all layers.
d) Write all the equations to compute the ANN’s output.

e) Compute the total number of training parameters
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2-layer NN. Computing NN’s output for one example.
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2-layer NN. Computing NN’s output for multiple examples (m).

) @) (s
Y " \ e s

El] [/w)
& D )
S P L (2] oy X -
C{ ‘“X WLZ'] é _A

) A9 . f_xO(/m/Ogeﬁ
X Y

| J

) N [AOU NG gf_/m?
C

. ‘i

tef Q__._—-W/ mulholy ’:MM

T A S|
W LY w aj“/ e, ;ig m o
j{fzj____,___,.—,r A g L—,]U;').: Wt 4_.4)
: om 4 Cis) _ }tﬂ(‘,\tﬂuﬂ
f'ﬂﬂj ’ } a ] ) - E{ Eﬂ"ﬂ a ' — ._2] @]{‘j LCZI
. ~ DIEY - w0t T 4
(e (W) [2](”: ﬁ[ll (J\IZ] (1:D

(k
/ Ny ) For loop O
Fajér lﬂ/ oauuplyt Not recommended for implementation!

J

G. Oltean



W - [l] 2-layer NN. Computing NN'’s output
for multiple examples.
ol o (1= Vectorising across multiple examples
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2-layer NN. Computing NN’s output for multiple examples.

Vectorising across multiple examples

n = nl® — number of inputs (features)
m — number of examples
nl — number of neurons in the (1% hidden layer

matrix  matrix matrix  column vector
(nl, m) (nt, n0) (n [0, m) (n[l]’ 1)
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operates correctly due
to broadcasting
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2-layer NN.

Computing NN’s output for multiple
example.

Vectorising across multiple examples

n = nl%— number of inputs (features)
m — number of examples
nlt — number of neurons in the hidden layer
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2 - layer NN (2 inputs, 1 output). Forward and backward propagation

1. Compute the output - Forward propagation
2. Compute the gradients — backward propagation
3. Update the parameters

All 3 phases are necessary for ANN training:
* needs multiple training examples
« multiple training epochs

For ANN simulation (inference, utilization, testing):
 only forward propagation is involved
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2-layer NN (2 inputs, 1 output). ) 2]
1. Compute the output - Forward propagation wt LC]OLUJ
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2. Compute the gradients — backward propagation a =% O Y et

3. Update the parameters X /O_Lv
Tal -”Ca.

Training for 1 example
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2-layer NN (2 inputs, 1 output).

1. Compute the output - Forward propagation

2. Compute the gradients — backward propagation
3. Update the parameters
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2-layer NN (2 inputs, 1 output). ) 2]
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2 layer NN (2 inputs, 1

output).

Training for m examples
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Initialization of NN (W, b)

/

% It is recommended to initialize the weights

[ﬂ [.Z] matrices (W) with small random values (not
|
W Lm i [ zero!)
2 . - = - -
cf"]::c witl &4 J cd=f % For large values, the activation functions (sigmoid

x type) will be saturated — passive regions
{
 If we are using zero for W, the gradient descent
I-L cannot evolve at all!
) lo] /LUJ QQ} » The bias vectors can be initialized by O.

randn generates an array, filled with

[1] — [1] nIO]\ * random floats sampled from a univariate
W[l] np.random.[rl?ndn(n N ) 0.01 “normal” (Gaussian) distribution of mean 0
bt = np.zeros((n'*, 1)) and variance 1.
0.4

W2l = np.random.randn(nl2l, nftl) * 0.01 035 -

2] = 2 0.3 1
b2l = np.zeros((nl?!, 1)) o
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0.1 4
0.05 -

a

Normal(0,1)
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Methodology to build
and train an ANN model
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