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Learning From Data — MNIST
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Learning From Data — MNIST
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Hidden Layers - Features
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Hidden Layers - Features
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Hidden Layers = Features
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Hidden Layers = Features
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Hidden Layers - Features

(Roth et al, 2018)
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Recap: Perceptron— Bilas

Input Space

O

Inactive Active

1 ifz—202>0
0 ifz—-20<0
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MNIST — Neural Network
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Recap: Activation Functions — Heaviside Step Function

1 ifz>0
H(‘”)_{o if z <0
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Recap: Activation Functions — Sigmoid
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Recap: Activation Functions — RelU

ReLU(x) = max(0, )
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MNIST — Neural Network
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MNIST — Neural Network

784 x16 + 16 x 16 + 16 x 10
weights

16 +16 +10
biases

13,002
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Gradient Descent
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(0.43 - 0.00)2 +
(0.28 - 0.00)2 +
Os (0.19 - 0.00)2 +

O 4 (0.38 - 0.00) +
. . 0.72 - 0.00)2

Os Error in predicting 7 20_01 . 0.00;2 I

Os (0.14 - 0.00)? +

7 (0.96 - 1.00)? +

. 8 (0.29 - 0.00) +
@) (0.63 - 0.00)?
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Back Propagation
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Back Propagation
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Back Propagation
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Back Propagation

Calculating gradients with backpropagation
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Back Propagation

Simple network with three layers, each layer has

just one neuron
(the first neuron is the input)

M M
O 53/\/ b2/\J

=

Generalize the notation for a network with L layers:

w2 w1

O () ()
" /\J " /\J

~—
A)

weight

bias

activation for
layer L

L is the last layer of the network

Therefore, al , the last activation,

is the output of this g %%g,tlg(onState
%gEthmsny



http://progress_bar_id

Back Propagation

w(L72)

O——0

What we know already:
L 2

Ey = (a — y)

at = a('wLa(L_l) + bL)

2 = wla@D 4 pt

ot = o ()

Where — Ej

w
/@

bL

is the error in predicting output ¥,
for the first sample in the training data

is the activation function

is a shorthand for the weighted sum
that is fed to the activation function
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Back Propagation

w(L72)

O——0

What we know already:
L 2

Ey = (a — y)

at = U('wLa(L_l) + bL)

2 = wla@D 4 pt

ot = o(2F)
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Value Dependency Tree: Recursive

The tree of dependencies goes all the way to the
input neuron, the first activation,a0

Value Dependency Tree OregonState
University
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How much does a nudge to the weight  Zhange error

Chain rule to find sensitivity of Error £o .
to changes in the weight of the last layer W

Value Dependency Tree
How much does a nudge to the

L

activationa® change Eo ?

How much does a nudge to
weight w” change 2* ?

How much does a nudge to the
weighted sum 2° changea® ?
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Constituent Derivatives

6E0 - 62’“ Bar aE()
Owl Ll 9zL| Bal

What we know already Computing constituent derivatives

L — wla@D 4 pL i
Owl

dar

0z
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Constituent Derivatives

6E0 - 62’“ Bar aE()
Owl Ll 9zL| Bal
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How much does a nudge tothe bias  énhange error

Chain rule to find sensitivity of Error £o
to changes in the bias of the last layer b®

0E, 0zL dal

oL az‘»L 921

Value Dependency Tree
.K\\__ How much does a nudge to the

activationa® change Eo ?

How much does a nudge to
bias b changez” ?

How much does a nudge to the
weighted sum 2 changea® ?

( from previous: & =wfalE™ + bt

Oregon State
University



http://progress_bar_id

Weight and Bias Updates for the last layer L

Weight update:

OB = 24/ () (o )

0E,
owr

Awl =9
Bias update:

8E0 30,[’ 8E0
9L 9L dal ZUI(ZL) (aL_y)
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How much does a nudge to the previou§ dctivation &

Chain rule to find sensitivity of Error £o

to changes in the previous activation a(Z™V

BEO ZL 8aL 9E0
a1 9alt-D) 8L |Pal

\ How much does a nudge to the
How much does a nudge to activationg® change K 2

bias a®V change 2 ?

How much does a nudge to the
weighted sum 2~ changea® ?

a1

chanw[/

Value Dependency Tree
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How much does a nudge to the*weight Eichange error «2)  ,c»  u-

Follow the dependency tree as a guide to write \L‘n/

the constituent derivatives: |

a1

L-1) gL

a
L-1)  9a(L-f - \ /

Value Dependency Tree
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We|ght U pd ateS fOI’ d ny Iaye r L (follow the same exercise for bias updates)

Weight update:

O0Ey 02t 8al OE,

OwLl  wl 92L dal

0B, 0 da
dal-)  9gl-1) PzL

For any layer L, update the weight w’

. O0E, . L
If L is the last layer, Bal 1N equation 1 resolves to 2(0 ——y)

using equation 1.

0FE
If L is not the last layer, Bak in equation 1 resolves to equation 2

Oregon State
University
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Mini-Batch Updates

Equations so far were derived for error in a single training sample Es—o .

We typically calculate error over an entire mini-batch of size S, by averaging individual errors.

For instance, the gradient for weight w® across an entire mini-batch is given by:

The weight is then updated:

OFE

Awh =
v nawL
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Neural Networks: Layers With Multiple Neurons

L is the last layer.
Neurons in layer (L-1) are indexed with k.

Neurons in layer L are indexed with j.

Updates largely stay the same, except we now explicitly take into account neuron indices

Oregon State
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Neural Networks: Layers With Multiple Neurons

Size of the output vector y is equal to the
number of neurons ML in the output layer L

The weighted sum % for neuron j in layer L is the weighted sum
of activations over all neurons in the previous layer (L-1):

2 = whal"™ + whal" Y + whal Y 4 bF

Generally, for neuron j in any layer L:

k=0

n(L_l) -1
zj@ = ( Z kaagL 1)> +b§‘
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Neural Networks: Layers With Multiple Neurons — Weights and Biases

Gradients for weight and bias updates look exactly the same.
Note the indices.

OE) dzF daf 9E,

I 7 iz Iz
ow i ow i azj Baj

OB, 9z da} 9E,

Bbf Bbf Bzf 0a§“

Activation ¢ affects error through two paths

An activation at layer (L-1) affects error through multiple
paths.

22

(L-1)

Gradient for activation e’ incorporates this by summing over
all the paths it connects to in its next layer L.

dE, 1§if 9z;  daf 9E,
8a§€L_1) por; 8(1](:4—1) Bzf Baf

Oregon State
University



http://progress_bar_id

