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ow do we efficiently compute
the gradient over deep
networks?




Loss function

» Training dataset of / pairs of input/output examples:

{Xi, Yi f:l

or measures how bad model is:

L[¢, f [Xia d)]? {X’i> Yi 'L'Izl}

or for short:

L [¢] Returns a scalar that is smaller

when model maps inputs to
outputs better



Gradient descent algorithm

Step 1. Compute the derivatives of the loss with respect to the parameters:
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Step 2. Update the parameters according to the rule:

oL

where the positive scalar o determines the magnitude of the change.



But so far, we looked at simple models that
were easy to calculate gradients

For example, linear, 1-
layer models.

Ligl = Do ti=) (ffwi ] - w)’

Least squares loss for
linear regression

I
= (¢o+ 17 — ;)°
i=1

04,
ol; | 9¢o 2(¢0 + P12 — yi) Partial derivative w.r.t.
0o o |

Tm 2xz(¢0 + ¢137i _ yz) each parameter



What about deep learning models?
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aput, x layer, h layer, ho layer, hs i
D, =3 D, =14 Dy =2 D3 =3 D, =2
h; = a[3, + Qx|
hy; = a3, + Q1hy]
hz = a[3, + Qzhy]
fix, ¢| = B3 + Q3hs



We need to compute partial derivatives w.r.t.
every parameter!

I I

Loss: sum of individual terms: L[qﬁ] — Z €Z — Z l[f[X“ qﬁ]’ yz]

oL, [¢t]
oo

SGD Algorithm: ¢t—|—1 — ¢t — §

1€By
Millions and even billions of —
parameters: ¢ — {IBOJ‘Q‘O' lgl!Qli ﬁZ’QZ’ }
We need the partial derivative with (%z afz
respect to every weight and bias we and
want to update for every sample in algk 697{

the batch.



Network equation gets unwieldy even for
small models

* Model equation for 2 hidden layers of 3 units each:

y' = ¢y + dlafhio + Yrialfio + 0112] + Y12albag + O212] 4 p138[030 + O317]]
+ @halthao + a1a[bio + O112] + Pa2alfag + 021x] + Pa3a[f30 + b31]]
+ ¢safthag + P31a[010 + O1125] + P32a[fa0 + O212] + 33a[f30 + O312]]

\ ) \ ) \ J
| | |

#
\ 1%t hidden layer /




Gradients

e Toy model

* Matrix calculus

* Backpropagation matrix forward pass

* Backpropagation matrix backward pass



Problem 1: Computing gradients

I I
Loss: sum of individual terms: L[¢] — Zél — Z l[f[Xz, Qb], yz]
i=1 i=1
ol;
SGD Algorithm: ¢t—|—1 VAN ¢t — Z a[;ft]
1€B8¢

Parameters:

Qb — {/307 907/817 S]17/827 927/837 Q3}

ol; nd ol;

Need to compute gradients



Algorithm to compute gradient efficiently

 Rumelhart, Hinton, and Williams (1986)



BackProp intuition #1:

Trammg
Training Hldden Hidden Hidden Output Loss. |
input, x layer, h; layer, ho layer, hs fix, @] ’

* The weight on the orange arrow multiplies activation (ReLU output) of previous layer
*  We want to know how change (partial derivative) w.r.t. orange weight affects loss
 |f we double activation in previous layer, weight will have twice the effect

e  Conclusion:

e  Put another way: 12



BackProp intuition #2:

Q Qo Q 04 Q- Qs
O 8 8 O
O O

Training Hidden Hidden Hidden Output I l
input, x layer, hy layer, ho layer, hs flx, @] 85

To calculate how a small change in a weight or bias feeding into hidden layer hymodifies
the loss, we need to know:

* how a change in layer h; changes the model output f
* how a change in the model output changes the loss [

13



BackProp intuition #2: the backward pass

O 0O
O
O

Training Hidden Hidden Hidden Output I l
input, x layer, hy layer, ho layer, hs flx, @] 85

To calculate how a small change in a weight or bias feeding into hidden layer h, modifies
the loss, we need to know: =

* how a change in layer h, affects hs
* how h3 changes the model output f } We know this from the

* how a change in the model output f changes the loss [ previous step y



BackProp intuition #2: the backward pass

O
O
0
O

Training Hidden Hidden Hidden Output T l
input, x layer, h; layer, hs layer, hs flx, @] 055,

To calculate how a small change in a weight or bias feeding into hidden layer h; modifies
the loss, we need to know: T

* how a change in layer h; affects h,
* how a change in layer h, affects hs
« how h; changes the model output f We know these from the

. revious steps
* how a change in the model output f changes the loss [ . .

15



Gradients
* Backpropagation intuition

* Matrix calculus
* Backpropagation matrix forward pass
* Backpropagation matrix backward pass



ground truth output

Toy Network PN

1 input

17



Gradients of toy function

flx;, ¢] = B3 + w3 - a [,32 T w; ‘a:ﬁl + wq - alfy + wy 'xi]”

£ = (flx;, @1 — v1)*

We want to calculate each partial:

ol; ol; ol; ol; ol; ol; ol; nd ol;
080" Owy’ 0B Owi’ 0B’ Owsy’ 0P Ows




Toy function o

\\/

Pre-Activations

fo=PBo+ wo - x f2 =02+ wyhy
hy = alfol h; = a[f;]
fi=Btwi-hy fz=B3+ w3 hs
h, = a[fi] £ = (yi — f3)°

~—_ ]

Intermediate values



Refresher: The Chain Rule
D~

g
For g(x) = h(f(x))

then g’ (x) = h’(f(x)) f'(x), where g'(x) is the derivative of g(x).

Or can be written equivalently as

dg oh of
dx  Of Ox




Forward pass
flx;, ] = B3+ w3 - a [,32 + w;y - a:ﬁl + w4 - alfy + wy 'xi]]]

£ = (flx;, @1 — y1)*

1. Write this as a series of
intermediate calculations

fo = Bo + wo - x; fo=PB2+wy - hy
2. Compute these h, = alfo] h; = a[f;]
intermediate quantities fl — ,81 + wq - h1 f3 — ,83 + wsy - h3

h, = a[fi] £ = ;i — f3)?



Backward pass

flx;, @] =,B3+a)3-a[[>’2+a)2-a

:,31 + w1 - al[fy + wy 'xi]]]

£; = (f[xi, ¢ — yi)?
1. Compute the derivatives
of the /oss with respect to 0l; 0l; ol ol ol ol nd 0l;
these intermediate 0fs’ 0Ohs’ Ofs 0Ohy’ O0fi° 0Ohy’ 0 fo
quantities, but in reverse —
order.
ee——

OO~~~



Backward pass

flx;, @] =,83+a)3-a[,82+a)2-a

:,81 + wq - a[fy + wy - Xi]]]

— i 2
'gi — (f[xil ¢_ _ yl)

1. Compute the
derivatives of the loss o¢ or or o/ o/ o/ LY.
with respect to these v v Yt i g g and g
intermediate quantities, Ofs’ Ohs’ Ofy’ 0Ohy’ 0Of1 Ohy’ d fo
but in reverse order.

o, 2% i

0 fo Of2 Ohs



[C—

Backward pass

1. Compute the fOZIBO-I_wO.x f2::82+w2.h2
de-rlvatlves of the loss hl — a[fo] h3 — a[fz]

with respect to these

intermediate quantities, f1 — ,31 + w1 h1 f3 — ,83 + w3 - h3
but in reverse order. h2 — a[fl] fi — (f3 _ yi)z

* The first of these
derivatives is trivial 6€z

0f3

— 2(f3 — yz)

24



[C—

Backward pass

1. Compute the fo=Po+ wo - x f2 =02+ wy - hy
derivatives of the loss hy = a[f,] h; = a[f;]
with respect to these _ . _ .
intermediate quantities, h=btoh f3 = Ps +ws-hy
but in reverse order. h, = a[fi] £ = (yi — f3)*
e The second of these

derivatives is computed 8€z L afS ag’&

via the chain rule 0h3 — 6h3 8f3

/

How does a small

change in h3 change £;?
25



Backward pass

1. Compute the
derivatives of the loss
with respect to these
intermediate quantities,
but in reverse order.

e The second derivative
is computed via the
chain rule

/

How does a small
change in h3 change #;?

[C—

f2 =02+ wy - hy
h; = a[f;]
fz=B3+ w3 hy
£ = (i — f3)°

fo=PBo+ wo - x
hy = alfol
fi=Btwi-hy
h, = alfi]

ot;  Dfs 0L
Ohs  Ohs Ofs

S

How does a small
change in f3 change #;?
How does a small

change in h3 change f5? %



Backward pass

1. Compute the
derivatives of the loss
with respect to these
intermediate quantities,
but in reverse order.

e The second of these
derivatives is computed
via the chain rule

[C—

fo=PBo+ wo - x f2 =02+ wy - hy
hy = alfol h; = a[f;]
fi=Btwi-hy fz=B3+ w3 hy
h, = alfi] £ = (yi — f3)°

ot;  Dfs 0L
Ohs  Ohs Ofs

Already computed!

27



[C—

Backward pass

1. Compute the fo =P80+ wo-x fo =82+ wy - hy

derivatives of the loss h. = a h, = a

with respect to these 1 [fO] 3 [fZ]

intermediate quantities, f1 = ,31 + wq - h1 f3 = ,83 + w3 - h3

but i der.

ut in reverse order h2 — a[fl] fi — (yi _ f3)2
o ol;  Ohs [ Ofs OL;

e The remaining o/, = 9f, \Ohs 03

derivatives also
calculated by further
use of chain rule

28



[C—

Backward pass

1. Compute the
derivatives of the loss
with respect to these
intermediate quantities,
but in reverse order.

* The remaining
derivatives also
calculated by further
use of chain rule

fo=PBo+ wo - x f2 =02+ wy - hy
hy = alfol h; = a[f;]
fi=Btwi-hy fz=B3+ w3 hy
h, = alfi] £ = (yi — f3)°
ov; _ Ohs <8f3 3&-)

dfy  O0fy \Ohz 0f3

Already computed!

29



Backward pass

1. Compute the
derivatives of the loss
with respect to these

intermediate quantities,
but in reverse order.

e The remaining
derivatives also
calculated by further
use of chain rule

fo=PBo+ wo - x
hy = alfol
fi=Btwi-hy
h, = alfi]

Of2 | 0f2

~— .

Indicator function: 1,0y

ot; [ans|/ofs oe
Ohs 0f3

2.0 ‘
-2.0 0.0 2.0

s S B B e
Er——()—(D—()—B)—C

2.0

Output
o
o

oY/

f2 =02+ wy - hy
h; = a[f;]
fz=B3+ w3 hy
£ = (i — f3)°

ReLU[2]

Input, z

30



Backward pass

1. Compute the
derivatives of the loss
with respect to these
intermediate quantities,
but in reverse order.

* The remaining
derivatives also
calculated by further
use of chain rule

fo =P+ wo-x

hy = a[fo]
fi=P1+twi-hy
h, = a[fi]

o;  Ohg <af3 aez)
8f2 af2 8h3 af?)

ol;  Ofy (Ohs Ofs OL;
Ohy  Ohy \ Ofs Ohs O

[C—

f2 = B2+ wy - hy

h; = a[f;]
f3 = B3+ w3 - hs
t; = — f3)°

31



Backward pass

1. Compute the
derivatives of the loss
with respect to these
intermediate quantities,
but in reverse order.

* The remaining
derivatives also
calculated by further
use of chain rule

[C—

fo=Po+ wo-x

h1 = alfo]
fi=B1+ws-hy
h, = al[fi]
ot;  Ohs (afg a£i>
Ofs  Ofa \ Ohg Ofs
90, Ofy (Ohs dfs OL;
Ohso 8h2 0fs Ohs Of3
a&- <6f2 Ohs 0f3 0¢; )
df1 afl Ohg Ofa Ohs Ofs
ov; afl Ohy O fy Ohs 0f3 OV;
ohy 8h1 0f, Ohy 0fs Ohs 03
ot; <8f1 Ohs Ofy Ohs 0f3 0F;
8fo Ohy 0f1 Ohg Ofy Ohs Of3

f2 = B2+ wy - hy

h; = a[f;]
f3 = B3+ w3 - hs
t; = — f3)°

) .



Backward pass

1. Compute the
derivatives of the loss
with respect to these
intermediate quantities,
but in reverse order.

* The remaining
derivatives also
calculated by further
use of chain rule

oY;

®
®
®

0fs 2(f3 — i)

ot ofs oL,

Ohs _ Ohs O

ot;  Ohs (0fs 0L,

df»  0fa (3713 af3)

90 Ofy [ Ohs Ofs AL,

Ohsa 8h2 (8f2 Ohs 5f3>

ot 0y Ohs Ofs Of;

df1 afl <3h2 Of2 Ohs 6’f:&)

ot;  Ofy (Ohy Ofs Ohs Ofs 0L,

ohy 8h1 (a F1 Ohy Of, Ohs D f?,)
ot; <af1 Ohs Ofy Ohs 0f3 0F;
dfo Ohy O f1 Ohg Of2 Ohz O f3

)

33



oY;

=2(f3 — vi)
0
Backward pass o5 oot
Ohs  Ohs 0fs
1. Compute the 0L _ Ohs <8f3 8&-)
derivatives of the loss df2 0f2 \0Oh3 0f3
with respect to these ol;  Ofy (Ohz 0fz OL;
intermediate quantities, Oho 8h2 <6f2 Ohs 8f3>
but in reverse order. o O fy Ohs Ofs OL;
0 f1 8f1 <8h2 0fo 8h38f3>
ol;  Of1 (Ohg Ofz Ohs Ofs OL;
* The remaining Ohq 8h1 <8f1 Ohs Ofs Ohs 8f3)
derivatives also ol Of1 Ohg Ofy Ohs Ofz OF;
calculated by further use afo <8h1 Of1 Ohg Ofy Ohs 8f3>

of chain rule

% % 8h/2 8f2 8h3 8f3
0 fo Of2 Ohs Ofs




We extend this to get to the
parameters w’s and [’s



Backward pass

2. Find how the loss fo = Po+ wo - x fa = P2t w2 hy
changes as a function of hy = a[f,] h; = a[f;]
the parameters 3 and .

P B @ f1:,31+(l)1'h1 f3:ﬁ3+a)3.h3

h, = alf] t; = (J’i—fs)z

* Another application

of the chain rule agz . afk ag@

&uk &uk 8fk

/ How does a small

change in fj change [;?
How does a small

_ How does a small
change in o change [;?

change in o, change f;?



Backward pass

2. Find how the loss fo=PBo + wo - x
changes as a function of hy = a[fy]

the parameters 3 and o.
fi=ptw -y

h, = a|f1]
* Another application
of the chain rule agz . afk ag@
&uk &uk 8fk
How does a small Ofk _ h
— Itk

change in , change [;? dwg

f2 = B2+ wy - hy

h; = a[f;]
f3 = B3 + w3 - hg
£ = (yi — f3)*

Already calculated in
part 1.

We have from the
forward pass.



Backward pass

2. Find how the loss
changes as a function of
the parameters 3 and o.

* Another application of
the chain rule

* Similarly for 3
parameters

fo=PBo + wo-x

hy = a[fy]
fi=P1+wi-hy
h, = a|f1]
ol;  Ofy 0L,
&uk N &uk 8fk

ot Qf oL,
OBk 3234& 0 [k

1

f2 = B2+ wy - hy

h; = a[f;]
f3 = B3 + w3 - hg
£ = (yi — f3)*



Backward pass

2. Find how the loss f0=,80+a)0-x f2::82+w2'h2

changes as a function of hl — a[fo] h3 — a[fz]
the parameters 3 and o.

39



Please download and install the Slido (-

slido app on all computers you use LeJ

Which statement best describes the
purpose of backpropagation in
training a neural network?

@ Start presenting to display the poll results on this slide.
40



Gradients

* Backpropagation intuition

e Toy model

* Backpropagation matrix forward pass
* Backpropagation matrix backward pass



Matrix calculus

Scalar function f[:] of a vector a

- a7 -
a1 i;;
a—= CL2 af o 8&2
as Da | .of
a4 das
of

_Oay |

The derivative is a vector of shape a



Matrix calculus

For a scalar function f[:] of a matrix A

[ Of of of 7

B - daii Oaio 8&13
iz @13 of  of  of

A = 21 A22 0423 8f B daz1  Oazz2  Oazs
B = |or or _of
ds1 Gs2 a3 OA daz1  Oazz  Oass
_&41 a492 CL43_ of o o

day1 Oayo Oass

The partial derivative is a matrix of shape same as A



Matri)( CalCU|US Columns are each

element function

Vector function f[-] of a vector a
Rows are each

variable element

a1 01 0fo 0f3
_f - a’]_ 8&1 8(1,1 aal //

: a2| Of 0fi Ofs Ofs

f = f2 A — ~~ _— | Qa2 das Oao
a3| 72 |0 2B 9k

f3 8a3 aa3 80,3

- ay ofi of of:
- L Oay Oay Oay _

Vector of scalar
valued functions

44



Comparing vector and matrix

Scalar derivatives:

0 _

= — (B3 +wsh3) = ws

J3 = B3 +wshs Ohs  Oha



Comparing vector and matrix

Scalar derivatives:

afs 0

fa = B3 + wshs O = = O — (B3 + w3h3) = w3

Matrix derivatives:

of 0
f3 = ,83 —+ Qghg 8112 — (9113 (/33 -+ QShS) ﬂg



Comparing vector and matrix

Scalar derivatives:

0f _

f3 = B3 + wshs 853 — 8—%53—|—W3h3:1

Matrix derivatives:
ofs 0 B
fs = B85 + Q3hs 08, 8_63(63 + Q3h3) =1



Gradients

* Backpropagation intuition
e Toy model
e Matrix calculus

* Backpropagation matrix backward pass



The forward pass

1. Write this as a series of
intermediate calculations

Q() Ql f1 h2 QQ f2 h3 93

Training
output, y

Training Hidden Hidden Hidden Output Loss. |
input, x layer, hy layer, hy layer, hs flx, ¢| ’

fo = By + Qox;

h; = alfy]

fi =068; +Q1hy

h, = alf}]

fo = By + Q2hy

h; = alfs]

f3 = 85 + Q3hg

t; = 1[f5, y;] 0



O—

Q Q Q. Qs (;furtagﬁingy
The forward pass ’ @
@

1. Write this as a series of
intermediate calculations

2. Compute these
intermediate quantities

o 9

Training Hidden Hidden Hidden Output Loss. |
input, x layer, hy layer, hy layer, hs flx, ¢| ’

fo = By + Qox;

h; = alfy]

fi =068; +Q1hy

h, = alf}]

fo = By + Q2hy

h; = alfs]

f3 = 85 + Q3hg

t; = 1[f5, y;] 0



Gradients

* Backpropagation intuition

e Toy model

* Matrix calculus

* Backpropagation matrix forward pass



Qy Q, Q, Qs Training
The backward pass O @
<=0 ) Q/Q/
O

A

O
X

Training Hidden Hidden Hidden Output L ]
input, x layer, hy layer, hy layer, hs flx, ¢| 058,
1. Write this as a series of oY;
int diate calculati = :
intermediate calculations fo /30 + Qox; (9f3
h; = alf|
2. Compute these 1 a[ O] (%i 8h3 8f3 6&;
intermediate quantities 1:1 = /3[1f‘;‘ Q1hy 8f2 - an (’9h3 8f3
2 — Ay
3. Take derivatives of 8& 8112 an 0h3 8f3 ({%i
: fo = By + Q2hy —
output with respect to of of: oh of, Oha OF
intermediate quantities hz = a[f;] 1 1 2 2 3203

f3 :/33 + Qs3hs (%z o 8h1 (9f1 8h2 8f2 (9h3 (9f3 8&
¢; = 1[f3, y;] ofo B ofy 0h; of; Ohy 0fy; Ohs Of3



Qy Q, Q, Qs Training
The backward pass O @
<=0 ) Q/Q/
O

A

O
X

Training Hidden Hidden Hidden Output L ]
input, x layer, hy layer, hy layer, hs flx, ¢| 058,
1. Write this as a series of oY;
int diate calculati = :
intermediate calculations fo /30 + Qox; (9f3
h; = alf|
2. Compute these 1 a[ O] (%i 8h3 8f3 6&;
intermediate quantities 1:1 = /3[1f‘;‘ Q1hy 8f2 - an (’9h3 8f3
2 — Ay
3. Take derivatives of 8& 8112 an 0h3 8f3 ({%i
: fo = By + Q2hy —
output with respect to of of: oh of, Oha OF
intermediate quantities hz = a[f;] 1 1 2 2 3203

f3 :/33 + Qs3hs (%z o 8h1 (9f1 8h2 8f2 (9h3 (9f3 8&
¢; = 1[f3, y;] ofo B ofy 0h; of; Ohy 0fy; Ohs Of3



* But:

(9f3 8 T
— — Q
8h3 ah3 (133 + Q3h3) 3

e Quite similar to:

ofs 0
Ohs ~ Ohs

(B3 + w3hg) = w3



The backward pass

1. Write this as a series of
intermediate calculations

2. Compute these
intermediate quantities

3. Take derivatives of
output with respect to
intermediate quantities

fo = By + Qox;
h; = alfy]

fi =06+ Qihy
h, = alf}]

fo = B, + Qshy
h; = alfs]

f3 = B3 + Q3hs
;= 1[f3, yi]

Q() ‘

< Z

'o‘
<=0
9@

A

C
X

A

Training
output, y @

Qo ‘ Q3
2= %§§§§%::ja

Training Hidden Hidden Hidden Output S
input, x  layer,h;  layer,hy layer, hs f[x, ] )
o0, S = ol (B, + Qho) = 0]
ot
90, Ohg Of; 0L,
of,  Of, Ohs Ofs
ot;,  Ohy Of, (Ohs OF; OL;
Of, _ Of, ohy <6f2 Ohs 8f3>
o6,  Ohy Of, (Ohy Of, Ohy OF; AL,
of, _ Of, ohy <8f1 oh, Of, Oh; a£3>



Qy Q, Q, Qs Training
The backward pass O @
<=0 ) Q/Q/
O

A

O
X

Training Hidden Hidden Hidden Output L ]
input, x layer, hy layer, hy layer, hs flx, ¢| 058,
1. Write this as a series of oY;
int diate calculati = :
intermediate calculations fo /30 + Qox; (9f3
h; = alf|
2. Compute these 1 a[ O] (%i 8h3 8f3 6&;
intermediate quantities 1:1 = /3[1f‘;‘ Q1hy 8f2 - an (’9h3 8f3
2 — Ay
3. Take derivatives of 8& 8112 an 0h3 8f3 ({%i
: fo = By + Q2hy —
output with respect to of of: oh of, Oha OF
intermediate quantities hz = a[f;] 1 1 2 2 3203

f3 :/33 + Qs3hs (%z o 8h1 (9f1 8h2 8f2 (9h3 (9f3 8&
¢; = 1[f3, y;] ofo B ofy 0h; of; 0hy 0fy; Ohs Of3



Derivative of RelLU

2.0
OReLU]z]
- 0z
S RelLU|z]
S0
>
@
X
-2.0 0.0 2.0

57



Derivative of RelLU

2.0 ReLU[z] = max(0, z)
dReLU|z] I[z > 0]
o) — Z
2.0 ReLU[2] 0z N
)
3 /
Vector Indicator function:
Vector containing ones
bl where z > 0 and zeros
-2.0 0.0 2.0 elsewhere.

Input, 2

58



The backward pass

1. Write this as a series of
intermediate calculations

2. Compute these
intermediate quantities

3. Take derivatives of
output with respect to
intermediate quantities

fo = By + Qox;
h; = alfy]

fi =06+ Qihy
h, = alf}]

fo = B, + Qshy
h; = alfs]

f3 = B3 + Q3hs
;= 1[f3, yi]

Q() ‘

< Z

'o‘
<=0
9@

A

O
X

A

Training
output, y @

Qo ‘ Q3
2= 8>>?8>@

Training Hidden Hidden Hidden Output Lo ]
input, x  layer, hy  layer,hy  layer, hy flx, ¢] !
Ot H[fg > O]
Of;
o0;  |Ohs Ofy O,
of, | Ofy Ohs Ofy
dl;  Ohy Ofy (hy Ofs OY
of,  Of; Ohy (5&‘2 dhs 8f3>
ol;  Ohy Of (Ohy Ofy Ohy Ofs O,
of,  Of, Ohy <6f1 Ohy Of, Ohs &%)



The backward passo

1. Write this as a series of
intermediate calculations

2. Compute these
intermediate quantities

3. Take derivatives of
output with respect to
intermediate quantities

4. Take derivatives w.r.t.
parameters

Q() ‘ Ql

< Z

'o‘
<=0
9@

Training
output, y @

Qo ‘ Q3
2= 8;?8>@

A

O
X

Training Hidden Hidden Hidden Output Loss. |
input, x layer, hy layer, hy layer, hs flx, ¢| ’

fo = By + Qox; ot;  Ofy 0t

h; = alfy) 08, 08, of;

}fl _ o -9 (B), + Qhy) oL

2 = alfy] B, of;,

fo = /32 + Qshy o 8&

h; = a[fy] - of,’

f3 = B3 + Q3hs

;= 1[f3, yi] 61
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‘ ' In the matrix form of backpropagation, what is the primary role
J of the Jacobian (or derivative matrices) during the backward
pass?

@ The Slido app must be installed on every computer you’re presenting from Slido



https://www.slido.com/powerpoint-polling?utm_source=powerpoint&utm_medium=placeholder-slide
https://www.slido.com/support/ppi/how-to-change-the-design

What is the primary purpose of the
loss function during neural network
training?

@ The Slido app must be installed on every computer you’re presenting from Slido



https://www.slido.com/powerpoint-polling?utm_source=powerpoint&utm_medium=placeholder-slide
https://www.slido.com/support/ppi/how-to-change-the-design

During the forward pass, why must we
store activations at every layer?

@ The Slido app must be installed on every computer you’re presenting from Slido



https://www.slido.com/powerpoint-polling?utm_source=powerpoint&utm_medium=placeholder-slide
https://www.slido.com/support/ppi/how-to-change-the-design

y Why is the chain rule essential for
backpropagation?

@ The Slido app must be installed on every computer you’re presenting from



https://www.slido.com/powerpoint-polling?utm_source=powerpoint&utm_medium=placeholder-slide
https://www.slido.com/support/ppi/how-to-change-the-design

' What is the derivative of the RelLU
activation function?

@ The Slido app must be installed on every computer you’re presenting from



https://www.slido.com/powerpoint-polling?utm_source=powerpoint&utm_medium=placeholder-slide
https://www.slido.com/support/ppi/how-to-change-the-design

Gradients

* Backpropagation intuition

e Toy model

* Matrix calculus

* Backpropagation matrix forward pass

* Backpropagation matrix backward pass



Pros and cons

* Extremely efficient
* Only need matrix multiplication and thresholding for ReLU functions

* Memory hungry — must store all the intermediate quantities

* Sequential
e can process multiple batches in parallel
* but things get harder if the whole model doesn’t fit on one machine.



More practice

* You'll get to practice the concepts here in the homework notebooks.

* For another tutorial that mimics the PyTorch autograd notation is
Andrej Karpathy’s Micrograd Tutorial

\
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https://youtu.be/VMj-3S1tku0?si=Kqg8UAz2p0SZmesW
https://youtu.be/VMj-3S1tku0?si=Kqg8UAz2p0SZmesW
https://youtu.be/VMj-3S1tku0?si=Kqg8UAz2p0SZmesW
https://youtu.be/VMj-3S1tku0?si=Kqg8UAz2p0SZmesW

Feedback?

https://forms.gle/pXHM5nx1Ti9aFmpw6



https://forms.gle/pXHM5nx1Ti9aFmpw6

