



































































Scientificcomputings April 30 2025
Announcements

Homework 6 due Friday May 2 11 59pm

Final exam is takehavenly
assigned Fri May 2
due Fri May 9

Effetors
Kday Mont Fri

Backpropagation
930am 1030am

Cudahy 307






































































Topical Backpropagation

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 to tweak
the weights 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 Gradiedescet
Suppose you have a function f x y z

The vector gf

f

tells you the

direction of steepestascent from

any point x y

The negative version Fx is the direction of steepest

of of
decent



l NN Wi We Wm bi be bn

How will we compute

d
ow CALCULUS

specifically

VNN the CHAIN RULE

ie

T1



Estexample No AF no hidden layers 3 input I output
only are point of training data

Training data
1 1 2 1.5

WE 0.2 y loss

6 0.5

3

1 4 1 11.5 1 6
2
0.01

1 We 0.2 1.6 loss

050
50.5

2

How do we adjust w We.ws b to
make I go down for this training data



Training data
1 1,2 1.5

1 4
50

lossY w̅É02 1.6

i I wantidf.ff.fr2

1 5 1.5 5 1 w 1 wzt2 ws tb

so
dfw 1 814 1 Its 2.15 1sa.es ii

af

ff 1T 0.2.1 02
Tannate

Of 0.2
3

0.4 11 0.2



Training data
1 1 2 1.5

1 4
0
is

loss1 we 0.2 1.6

3v50
5 0.5

2
Now adjust each weight
a small amount in this
direction Let's do too

file W 0.1 0.098

We 0.2 0.198

W3 0.4 0.396
b 0.5 0.498

0.1 0 2
1 002

098



Training data
1 1 2 1.5

1
0098 y l

1 we 0.198 1.586 loss
0.007396 prov 0.01

3050
6 0.498

2

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

and so on

Python demo



Training data
1 1 2 1.5

After 100 or so repetitions

1

gtz
1 We 130 1.5 loss

05ᵗʰ b

2

Easy because only one piece of training data



Example 2 Backpropagation on a Batch of data

Training Data Still no AF

2,1 1 3 no hidden layers

1,11 4

2.5 4.5 3.52 1 1
2 g

we 3 l 2.5 3 4.5 4

i loss 1 3.5 514

3,5
5 0.5 0.916

making the weights whole s for now



Example 2 Backpropagation on a Batch of data

Training Data
2.5 4.5 3.5

2,1 1 3 2

qq.gg jY q
s e

e 0.916

We fed forward now we backpropagate the derivatives

l Cj g 15 g j y
MSE

ftp.zlyi y y
yiyz y5 93

1 0.5 35.10.5 1.51



Example 2 Backpropagation on a Batch of data

Training Data

2,1 1 3 2 1 1 43 31

C 1,43 4
f

we 3 1,1
0.916

liff

on
5 0.5

We fed forward now we backpropagate the derivatives

If 3 ftp.t g x w xwet 3w3tb

3.2T

Of is
different for

each sample
which

or off
I

makes sense

OR Of_off 1 1 1



Example 2 Backpropagation on a Batch of data

Training Data

2,111

not

s gl's 51

1 1
4

i p y

e
e 0.916

We fed forward now we backpropagate the derivatives

ftp s g x w xwet 3w3tb

I data 3 2 3

OR dffw.it
OR If_off 1 1 1



y

Example 2 Backpropagation on a Batch of data

Training Data

2,1 1 3 33 1
a g

1

111
4 we e.se

0.916

1 5
w5

5 0.5

If 1

We fed forward now we backpropagate the derivatives

f 1
g x w xwet 3w3tb

35 1 8 3 1 5

3 3 1 E's 313



Example 2 Backpropagation on a Batch of data

Training Data
w 1

a g 13
8

2,1 1 3
C 1,2 3 4 we 3

1 0.916

1,1 5 5 4 55 1 loss

v5
5 0.5

Ws 5 1 5 If 13b

Now weadd the gradients from each of the
3 samples together for each weight bias

1 3 p
Now adjust wi.wa.ws b
by V too and repeat

Why The
loss already

has factor so this addition is

really averaging
the three gradients



Example 2 Backpropagation on a Batch of data

Training Data

2,1 1 3

1 1,4
Demo

Converges to W 2.167
We 2.992
w 1.24 7

2 5 b 0.4104
we loss

w b
and then matches the training
data perfectly



You feed forward training data

Then you compute backward gradients

You adjust the
weightslbiagqqdy.IE er ways to doThen you feed forward this beyond just to'tthe same data again optimizers

or new data over and
over again

fawadpass

dpass
backpropagation



Example 3 with more layers
still no activation functions for more just
just 1 sample for simplicity add them together

to get the for
weights and biases

as before

u wa Indof
3 g

I

wa

Uz no
by loss

04 be
2 A wo as we 4

43 b5

33

Sample 3 2 1,4



Sample 3 2 1,4

7

w
th Wa

3 4.3 48 g
21 1 4 69

22
wa

bye 2212 1 8
loss

of 7 4 271
2 A way 3 s wn I

43 5 553

253
Backprop Find

Iw if It



7

Sample 3 2 1,4 w we 211b peg3 22
wa

5
Work backward from he was but loss 274

the right 2 a way in É
43 5 553

Of 2 s



7

Sample 3 2 1,4 wie
th wa
16 peg jʰ3 22

wa
but loss 274Work backward from ii

he 4

the right 2 a way in É
43 5 553

Of 2 s

l g 1 E 45

y 5 1 22



7

Sample 3 2 1,4 wie
th wa

3 4
43

4 254
22
wa

but loss 274Work backward from ii 4

the right 2 a way in É
43 5 553

g
22 25s

l g 1 E 45

8 E 4 2 4 6



7

Sample 3 2 1,4 wi
3 4,3 22

wa

Work backward from us loss 274

the right 2 a Ei in E
43 5 553

g
22 6 25s

I

ftp.t Y Uiw7tUz watUz w tby

8
7
41 7



7

Sample 3 2 1,4 wi
3 4,3 22

wa

Work backward from us loss 274

the right 2 a Ei on E
43 5 553

y
22 6 25s

ftp.fu7 22 7

154Y

U w7tUz watUz w tby

8
7
41 7



7

Sample 3 2 1,4 w we 21

3

Work backward from a loss 274

the right 2 in E
43 5 553

y
22 6 25s

17 154 ftp 1 6 7 42

0
9

22 1 22 484 1 6 6221 132

22 1 3 66 c6 1 3 18



7

Sample 3 2 1,4 wie
th wa
16 peg jʰ3 4,3 22

wa

Work backward from he was but loss 274

the right 2 a way in É
43 5 553

y
22 6 25s

7
154 F 42

wa
484 132

66 812 18



7

Sample 3 2 1,4 w.eu with

3
22

Work backward from but loss 274
Uz wit

the right 2 i io 6
43 5ᵗʰ 553

y
22 6 25s

117 154
42 15 221 1

4 22

ffa 484 132 j uiwatuzwgtuzw.by

66 812 18



7

Sample 3 2 1,4 w.eu with

3
e

w 22by 1 274Work backward from a ue.jo loss

the right 2 a way on É 6
43 518 6553

y
22 6 25s

dl

17 154 If 42 Jb
22 6

wa
484 132

66 812 18



7

Sample 3 2 1,4 w.eu 454 21
3 g

22

w 22by 1 logs 274Work backward from ii a 45 4
the right 2 x way on E 6

43 518 6553
Next 253

If
M Wix WyXz b

so
off 3



7

Sample 3 2 1,4 wit
a wit 21

3 g
22

Work backward from but loss 274

the right 2 x way 38in É 6
43 518 6553

Next 253

Of fi
not computed yet

M Wix Wex b

so
0th 3



7

U 454Sample 3 2 114 wit
ib.gg Jt 22

3 4,3 22 via
abut loss 274Work backward from Ithe right 2 x way 3 we É 6

Us 5ᵗʰ 6553
Next 25s

Iw In fi Now we see that
not computed yet with hidden layes

M Wix Wex b we also need derivs
of the neural
values to keep50

0th 1 3
passing backward



7

Sample 3 2 1,4 2 a 454
1b yay jʰ 22

3 th
221in

aby 1 274Work backward from us w loss
Éin isthe right 2 A way 3 own É 6

43 518 6553

Iw as



7 32
Sample 3 2 1,4 w.eu 454

3
ee

wa

Work backward from wi y no
but loss 274

the right 2 a way 3 on É 6
43 518 6553

Iw as

M affects the loss along two paths
Mi j l

u E e

So we have the multivariatechain rule now

ftp.ftu 1 12 f 22 2 6 2

32



7 32
Sample 3 2 1,4 w.eu 454 21

3 g
22

Work backward from IE
but loss 274

the right 2 x way 3 we É 6
43 518 6553

Iw as

I D wall wallet with by
So we have the multivariatechain rule now

ftp.ftu 1 12 f 22 2 6 2

32

Wa waif who 88



7 32
Sample 3 2 1,4 wit

a wit
3

22

Work backward from wi ue.jo
but loss 274

the right 2 x way on É 6
43 518 6553

253

wa wa 88

D
will



7 32
Sample 3 2 1,4 w.eu wi54

3 4 48 j 22

22
a

226ydWork backward from loss 274
Wis 7 5

the right 2 4 9 g 56
253

wa wa 8 9

D
will IT if

I F



7 32
Sample 3 2 1,4 w.eu with

3
a

Work backward from an E but loss 274
3Eur ᵗ

162the right 2 4 9 56
253

ftp

fi 1
The rate of derivs of
the neuron values comes

Olldu from a matrixoperation
between the weights to
the next layer and the
vector of devius of the
next layers neurons



7 32
Sample 3 2 1,4 w.eu with

3
a

Work backward from an E but loss 274
3Eur ᵗ

162the right 2 4 9 56
253

ftp

fi 1
The rate of derivs of
the neuron values comes

Olldu from a matrixoperation
between the weights to
the next layer and the
vector of devius of the
next layers neurons



7 32
Sample 3 2 1,4 w.eu wit

3
ee

wa

out 7 42,4
2254 t loss 274

2 A way on É 6
43 518 6553Hyn

Y

ggya
of

233

M bbiases
so deg 1

In

Fifi



7 32
Sample 3 2 1,4 w.eu wit

3
ee

wa

out 7 42,4
2254 t loss 274

2 A way on É 6
43 518 6553Hyn

Y

ggya
of

233

M bbiases
so deg 1

In

Fifi



7 32
Sample 3 2 1,4 2 a 554 21

3 YI 48 g
22

22Ña 274
of 7 42,4

2254 1 loss

1m
4

oelon fÉ p 2 a way on E 6

Olldu us 518 6553

weights d values
253

d values

pf.fi

0
3

de

d biases d values



32
54Sample 3 2 1,4 2

3
22

22
a

226yd

at 7 Uzzo loss 274

Fiff ann a
43 518 6553

d values
weights d values

233

Weights 4 Wix wuxztb

lift O
d biases d values



7 32
Sample 3 2 1,4 w.eu wi54

3 4 48 g
22

221in 274
Uz my

2264 1 loss
132

finff
ill an i a

Olldu us 518 6553

d values
weights d values

233

1 111
weights

8 b 80
d biases d values of YE



7 32
Sample 3 2 1,4 w wt 21

3 48 g
22

22Pa

of a 42,4
but loss 274

finff 2mn on 6

Olldu us 518 6553

d values
weights d values

233

Fi fi

weights

Fifa fix
d biases d values fgdf.GE dots off

E E



Sample 3 2 1,4 we

32
54

3 48 g
22

221in 274
Uz wig

2254 1 loss
132

pf.fi 1 d awi i i
Olldu us 518 6653

d values
weights d values

233

fix

1111 i

If of.degd biases d values

dllow.deowy
son son E
Ol
ow Owe



7 32
Sample 3 2 1,4 2 a 454

3 X Y 3
b 48 j 22

22
a 274

β
ᵗ l

fi 1 t amn a
43 518 6553

d values
weights d values

233

illdm
t.it iddlyow

dllowy
d biases d values

you desow
8
1 Ex

valuesdlldwsdlldwo.de ous
d weights d values



dllow.deowy

Fii.tt ill
lfmoeof fiifex.x.s
lows low delous values

qualue
weights d values

d weights d values

Thealthree rules tell how to
f ftp.fcmputethedenvatv eof the

weights bees and avalues
based on the weights neuron

d bia

a and derivative of the
neuron values from the layer ahead



dlyow.de
owyfnff 1l tf.eonoeon.f f ifex.xsdeldm allow allow delous values

weights d values
d weights d valuesd values

7 Sample 3 2 1,4

w 472 21

3 4 43
hi peg1111 a am 274

of 7 42 to
but loss

d biases d values be a Ét
2 X2 way 3 we

43 5 553

253



low own

x x2pinf.fi ill

doeonoeson.dlldmallow allow Ullous values
weights d values

d weights d valuesd values

7 Sample 3 2 1,4

w 472 2116 181 3 as
era 5 274

of 7 42 wit
b4 t loss
4d biases d values 1 be a

2 A way 3 as we
43 5 553

Fill



dlyow.deowy
Fiff framoff e as

lows low delous values

qualue
weights d values

d weights d values

7 Sample 3 2 1,4
U Wy

W 16 yay
2 21

3 is rewa 5 274
s

but loss
d biases d values

2 x 1 It
4

43 5 553

253

111 p ct ze ss

f.mn42 132 18



f flow
on

ixoewmf.fi
ilf

doesownoelowsdlldm
allow allow delous values

qualue
weights d values

d weights d values

7 Sample 3 2 1,4

Tollob illder w 472 2116 180 4 1 9 3 4 43 22 5 2740
3

wa
by 1

of 7 42 wit
y

loss
d biases d values be

2 A way 3 3 we
43 5 553

1 253

iii tl s tt i t E



1
sonow ow

decour X X2oewmf.fi
ilf e9foesownoelowsdlldm

allow allow delous values

qualue
weights d values

d weights d values

7 Sample 3 2 1,4

Tollob illder w 472 2116 183 4,3 22 was 5 2741 11

oneUz wit
43 4

7

162d biases d values
2 A way 3 3 wn

43 5 553

111 i.tt S team as

Ei c ei.is
iitf

ill tl ilEt ti



1
sonow ow

decour X X2oewmf.fi
ilf

foesownoelowsdlldm
allow allow delous values

qualue
weights d values

d weights d values

7 Sample 3 2 1,4

Tollob illder w 472 2116 183 4,3 22 was 5 2741 11

on e
of 7 42 4

4d biases d values be
2 A way 3 3 wn

43 5 553

253µ Eaten
pi ii.it i li tf



Im
dhow low deldu

oeonf.fi
ll

t eonoeson
guEx.xisOlldu valuesOllow owe

weights d values
d weights d valuesd values

7 Sample 3 2 1,4

Tollob illder w 47 211b peg3 4 3 22 was 5 274Lilli

an e
we 7 42 45

d biases d values be a

2 A way 3 own É
43 5 553

111 tt t feit as

dlyow.deowy

tf sfiilti.tl t f e aT



dllow.de

owyFfE ile fit.liown oeson

abiases avalues
dvalue

weights dvalues lows delow values

d weights d values

7 Sample 3 2 1.4 And now backprop

w wt 21 is done
16 peg3 4 43 5 27422

wa We don't need a

but loss
of 7 42 wid

y
be a We don't need or

2 A way 3 as we
43 5 553

just middle steps253

t.FI e A f
fTgniTiIine.t

E c E EliteS I



dlyow.de

owypHE tE titiown oeson
e

abiases avalues
dvalue

weights dvalues lows delow values

d weights d values

7 Sample 3 2 1,4

w
th Wa

3 4 43
b peg

2 21

5 27422
wa

Uz to
but loss

3 4
7

162
2 A way 3 own É

43 5
as F

fEÉi fly
48

354 236 Ollob
elob fowa Fwa Fw

0
1
4154

484 66

09063 42 132 18



Piatt fittiii if asime.am
dvalue

weights dvalues lows delow values

dweights d values

ethe
7 Sample 3 2 1,4

gradient now w 4 21

3 43 18

2741ggty.ggmy p
j

repeat a lot 2 way 3 own É
43 5
253dhow low

EGE
1 f p.fmdew8dYowoOlown 42 132 18



Two more things in this topic

How does the previous example change with
batching

Adding in activation functions

Different topics

What do you do with the gradient
Moving foot is very simplistic
Incorporate momentum
These are called optimizers

How to structure a network for your particular task


