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Topic 17 Backpropagation Training NNs

Big picture
Start with a NN with random weights and
biases

Feed all of the known inputs training data through
in one batch and get all their outputs

Compute the loss between the expected outputs y
and the actual outputs J

Use CALCULUS to figure out how totweaktheweights biases a little to make the loss go
down a little

Repeat until your NN is good enough








































































CALCULUS
Let's recall the idea of Gradient Descent

Suppose you have a function fleftxyrightz
nablaf

The vector leftbeginmatrixfracpartialfpartialxfracpartialfpartialyendmatrixright tells you

thedirection
of steepest ascent from

any point leftxyright

is the direction of steepestdescent.Thenegative

nabla

vers

f

ion
leftbeginmatrixfracdeltafdeltaxfracdeltafdeltayendmatrixright






































































CALCULUS
The negative versionis the direction of steepest

descentnablafleftbeginmatrixfracdeltafdeltaxfracdeltafdeltayendmatrixright

This means if you're only going to walk 1 step in the
willgetmountainsthen are step in that direction

you as low as possible among all possible one

steps.Exfleftxyrightxcosleftxrightleftsinleftyrightright2

left1525rightnablafleftbeginmatrixfracdeltadeltaxleftxcosleftxrightcdotleftsinleftyrightright2rightfracdeltadeltayleftxcosleftxrightleftsinleftyrightright2rightendmatrixright






































































CALCULUS
Ex fleftxyrightxcosleftxrightleftsinleftyrightright2

fracpartialfpartialxleftsinleftyrightright2cdotleftcosleftxrightxsinleftxrightright

fracdeltafdeltayxcosleftxrightcdot2sinleftyrightcosleftyright

left1525right

nablafleft1525rightleftbeginmatrixsinleft25right2cdotleftcosleft15right15sinleft15rightrightleft15rightcosleft15rightcdot2cdotsinleft25rightcosleft25rightendmatrixrightleftbeginmatrix05105ldots01017ldotsendmatrixright






































































CALCULUS
Ex fleftxyrightxcosleftxrightleftsinleftyrightright2

leftnablafrightleft1525rightleftbeginmatrix05105ldots01017ldotsendmatrixright
left1525right

This doesn't mean you move

051 on the X axis an 0.10

on the y axis That would be a huge
step.Instead

you move a small step maybe frac1100 of that
14995ldots

and repeatleftbeginmatrix1525endmatrixrightleftbeginmatrix00051ldots00010ldotsendmatrixrightleftbeginmatrix1505124990endmatrixright Vf is the same Just new
points






































































Gradient Descent Demo






































































We have been thinking about Neural Networks as

big
functionsoutput

datainput
dataNNFor

now instead of thinking of the input data as the
variables we'll think of all the training data as a fixed
constant and the weights and biases as the variables

a single

output loss linput
dataNNweights

andbiasesW is some weight

fracpartiallpartialw1






































































a single

lossoutputinput
dataNNweights

and

biasesHow
can we find the inputs that minimize the output

Gradient Descent

Suppose the neural network has weights w1w2ldotswm
and biases b1b2ldotsbn Let l be the mean loss
over the whole batched input

What is nablaNNleftw1w2ldotswmb1b2ldotsbnright
loss of output given these weights biases fixedinput






































































lNNleftw1w2ldotswmb1b2ldotsbnright

_Howwill we

computeCALCULUSspecifically

the CHAIN RULE
nablaNNleftbeginmatrixfracpartiallpartialw1vdotsfracpartiallpartialwmfracpartiallpartialb1vdotsfracpartiallpartialbnendmatrixright






































































the CHAIN RULE

fleft3right5

fracpartialfpartialxleft3right5 means if you change

x3 to x3a little more

then fleftxright goes from

fleft3right to fleft3right5cdota little more






































































x fleftxright gfleftxrightfthe CHAIN RULE

Suppose hleftxrightgleftfleftxrightright
g

a composition

Chain rule hleftxrightgleftfleftxrightrightcdotfleftxright
or fracpartialhpartialxfracpartialfpartialxcdotfracpartialhpartialf

how much h changes

when f changes a

littlehowmuch h changes
when x changes a

littlehow much f changes
when X changes a

little






































































the CHAIN
RULENeuralNetworks are just really big multivariate
compositions of simple functions

addition multiplication activation functions loss functions

a single

lossoutputinput
dataNNweights

and

biasesWecan apply the chain rule a lot to see how
changing any weight or bias individually affects the loss






































































the CHAIN RULEa single

lossoutputinput
dataNNweights

and

biasesWecan apply the chain rule a lot to see how
changing any weight or bias individually affects the

loss.That

means we'll know the gradient
and we can do gradient descent

nablaNNbegincasesfracpartiallpartialw1vdotsfracpartiallpartialwmfracpartiallpartialb1vdotsfracpartiallpartialbnendcases






































































First example No AF no hidden layers 3 input I output
only are point of training

datal

X1

0
Training data left112right 1.5

0102080516
x2omega2021 loss

hatyb05
lleft1516right2001w30u

1varepsiloni01w202w30u
x3 Zloss

16b05
2

How do we adjust w1w2w3b to
make l go down for this training data






































































x1

Training data left112right 1.5

when I change w1 a little
how much does

l change

varepsiloni01 l
0.01

x21x32
haty16b05omega202 loss

w30u

llefthaty15right2

Su1fracpartiallpartialhaty2lefthaty15right

Want fracpartiallpartialomega1fracpartiallpartialomega2fracpartiallpartialomega3fracpartiallpartialb
haty1cdotw11cdotw22cdotw3bS0fracpartialhatypartialomega11fracpartialhatypartialomega21fracpartialhatypartialomega32fracpartialhatypartialb1

2cdotleft01right02k

If f changes by d
this causes l to

change by 0.2.8

fracpartiallpartialw1fracpartiallpartialhatycdotfracpartialhatypartialw102cdot102
fracpartiallpartialomega304fracpartiallpartialb02fracpartiallpartialw202






































































x1

Training data left112right 1.5
varepsiloni01 l

0.01

x21x32
haty16b05omega202 loss

w30unablaNNleftbeginmatrixfracpartiallpartialomega1fracpartiallpartialomega2fracpartiallpartialomega3fracpartiallpartialbendmatrixrightleftbeginmatrix02020402endmatrixright

Now adjust each weight
a small amount in this
direction Let's do frac1100

w101 0.098

W202 0.198
W30 y 0 396
b05 0.498






































































x1

Training data left112right 1.5

prov 0.01
w10098haty1 l0007396

x21x32
omega20198

050

6
1586 loss
b0498

Now repeat Compute VNN with these
altered weights adjust by frac1100 of it

and so on

Python demo






































































Training data left112rightrightarrow15

After 100 or so repetitions

x1

varepsilon1frac3351
x21x32

haty15bfrac1735 loss
0omega2frac1370

w3nicefrac335

Easy because only one piece of training data






































































Example 2 Backpropagation on a Batch of
data.Stillno AF

no hiddenlayersTraining
Data

left211rightrightarrow3
left123rightrightarrow4
left115rightrightarrow5

x1

wialphaleft254535righthatyx2

lfrac13left253right2left454right2left355right2w23 loss

b05 0916ldotsx3

leftbeginmatrix211endmatrixleftbeginmatrix123endmatrixrightbeginmatrix115endmatrixright

making the weights whole s for now




