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DERIVATIVES OF ACTIVATION FUNCTIONS
-

RELV

-gEd= {2,2
> °

Oj 240

Undefined ; 01W

↳ Assume 2 to

gc⇒={E:
g' G) = {l ; 270O; 01W



DERIVATIVES OF ACTIVATION FUNCTIONS
-

RELV ( LEAKY )
-

gas .- fi :3:42;

undefined ; 01W

I

gc⇒={Is:
g 'c4={ 'j;?o



DERIVATIVES OF ACTIVATION FUNCTIONS
-

¥=¥.
g. co -- dad 't:) z

g
't) = He

?

¥5 II.ya
= gksli - gas)



DERFACT1VATIoNF#tnS

TANI

guk = I

g
' to = v day - add = +e-2) (E + e-

Z) - CI - e-2) CE -E)
dz -

F
te)2

= I - GEDI



ACTIVATION FUNCTIONS ( SUMMAR'D

TANH

RELU

get.se: fi: of:÷÷. an.÷÷

aims:
""ki: s

'" :&; garters
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⇐1¥:D ¥÷i LI

LCA
"? y) = EN - yiigeogad, - C'- y log (ta

WRITE IN VECTOR FORM



COMPUTATIONGRAPH-CFORXORE-XAMPLEJi.ix.im. ÷÷i⇒m÷⇒=n÷÷ ¥÷i LI

LCA
"? y) = EN - ya, log a

"!, - C'- y log (t a

=
- y
'

log -ci¥¥I
m,HN rfp, p e cement-w's E



COMPUTATIONGRAPH-CFORXOREXAMPLtw.ci:¥¥÷¥n÷÷i⇒⇒¥⇒:
⇐I ¥:D ¥÷i LI

LCA
"? y) = EN - ya, log a

"!, - C'- y log (ta

=
- ytwg -ci¥¥I

..

¥?yl= ?
""

o e cement-wise.



let q= ytlogfa
'd)

q
-
- y log a t . . . yay

a'Fn)



let q
-

- y
' togha'd)

q
-
- y log A t . - - yen)logAYn)

÷÷÷÷:÷÷÷÷::÷:÷i:÷:
Nxt

N" the Element +wise division



let ee -- ( t - yj log ( t- Ae
")

r= (l - y l'D) log ( I - AEK)t - - - - - .

3¥.
-
-

q.ee?fl-yuDhgu-aF.dt----Sf
÷.eu

. ... . . .

' f÷÷÷i
"

(n)

¥-93
.

= -" t! a - aa?
. ,

⇐¥ET,



aunt? y)
⇒

=
- y A t CI- y) Cl - AG)
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←

H
¥, = ? ¥, = ftp.znzff} C chain Rule)
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¥2, = ? ¥, = Fae, -2¥:}

C chain Rule)

7¥ .

D= #⇒ geed
) Ci- geed)

r

.

'

g = Sla mo ID



COMPUTATIONGRAPH-CFORXOREXAMPLEJ-I.IE
,

o

') =f¥, geed
) CI- g

=

a
?¥,

° AGOG - AED)
NX l

Nx
'

N

Element - wise
multiply

= f- y ① AH + et y)Oct
-AH)) doll- AH)
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,

o

') =f¥, geed
) Ci- geed

=

a
?¥,

ANTI - Aed)
NX lN

Element - wise

= f- y ① AH + et y)Oct
-A ( t- AH)

= - y 0 A o Amo CI- AH) + ( i- y ) ⑦ ( i -AGT) o A
"! It-Atd)



COMPUTATIONGRAPH-CFORXOREXAMPLEJ-I.IE
,

o

') =f¥, geed
) CI- g

=

a
?¥,

ANTI - AH)
NX lN

Element - wise

= f- y ① AH + et y)Oct
-AH)) 23 ( t- AH)

= - y 0 A o Amo CI- AH) + ( i- y ) ⑦ ( i -AGT) o Atholl-Atd)
=
- you -AH) t Li-y) o a =

-

ymatyo Af?? Aan?
,

- yo an??



COMPUTATIONGRAPH-CFORXOREXAMPLEI-I.IE
,

o

D= 3¥, geed
) CI- g

=

a
?¥,

ANTI - AH)
NX lN

Element - wise

= f- y ① AH + et y)Oct
-AH)) 23 ( t- AH)

= - y 0 A o Amo CI- AH) + ( i- y ) ⑦ ( i -AGT) o Amo l l-Atd)

I
-Hoa

'"
=
- ym.ityon.cm?tae:?..y.a..Y?
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f¥= gaze, ERN

"""

C chain Rua)

\ SAME
nos , on (

o : L is scalar)



ASIDE

* GRADIENT : VECTOR IN , SCALA

A JACOBIAN : VECTOR IN , VECTOR
OUT

-

N M

f : R → R

Ilp : RN
M

Otp : R

g- f- Ca)

Derivative of
'

f
'

at
'
n
' called Jacobian is mxn mattia

÷:÷÷÷:÷÷t
.



GENERALISED JACOBIAN : TENSOR IN
,
TENSOR OUT

f .. RNI X .
- - X NDR

→ pml X
- - - M Dy

Ilp : Dae - dimensional tensor of shape Nix - - Nose

olp : Dy - dimensional tensor of shape mix - - - may

y= Cn)

Then ; try = Gen . Jacobian = ( mix - - - Moy)XCNix - - -

Nba)
2x

shape



BACK PROP. WITH TENSORS
-

Let G = xp

A : NXD

B : Dxm

G : NXM



BACK PROP. WITH TENSORS
-

Let G = xp

2 : NXD

B : DXM

G : NXM

→ we are given Loss L as funen of G

- me also know I
2h



BACK PROP. WITH TENSORS
-

Let G = xp

2 : NXD

B : DX M

G : NXM

→ we are given Loss L as funen of G

- me also know I
2h

→ o : I. = ? ; I = ?
22 2B



BACK PROP. WITH TENSORS
-

Let G = xp

g : NXD
Let's choose : N=lgD=2; M=3

B : Dxm

G : NXM



BACK PROP. WITH TENSORS
-

Let G = xp

g : NXD
Let's choose : N=lgD=2; M=3

B : Dxm

G : NXM

61×3 = ( Gig , 61,2 61,3)
&
1×2

= Cdl
,
I 2132)

Past :÷ : :÷ : Bp's:)



BACK PROP. WITH TENSORS

-61×3= ( Gig , 61,2 61,3)
&
1×2

= (Al
,
I 2132)

Past :÷ : :÷ : Bp's:)
Ap = (41,1 Bist t 41,2 P2 , I 391,1 Pl ,2 -121,2ps-2,2 ; 41,1 pls 's -121,282,3J



BACK PROP. WITH TENSORS

-61×3= ( Gig , 61,2 61,3)
&
1×2

= (Al
,
I 2132)

Past :÷ : :÷ : Bp's:)
Ap = (41,1 pls I t 41,2 P2 , I 391,1 Pl ,2 -121,2ps-2,2 ; 41,1 pls 's -121,282,3J
2dB) = [ p ↳ I j pl ,2j B' is]
221,1

JIB) = [ P2 , I j B 2,2 ; P2 ,3]
221,2



BACK PROP. WITH TENSORS

-2dB) = [ p ↳ I g pl , 2 ; Bl ,3) : shape -_ Shape of 2B X Shape of
- d l , I

221,1 = CNXM)Xl

jap) = [ P2 , I j B 2,2 's P2 ') shape = (Nxm)"

221g 2



BACK PROP. WITH TENSORS

-2dB) = [ p ↳ I g pl , 2 ; B1 ,3) : shape = Shape of 2B X Shape of
- d l , I

221,1 = CNXM)Xl

jap) = [ P2 , I j B 2,2 's P2) e= (Nxm) X1

221,2

Generalised
Tensor shape



BACK PROP. WITH TENSORS

-2dB) = [ pls ) j pi ,2 ; Bl ,3]
221,1

JIB) = [ P2 , I j B 2,2 ; P2 ,3]
221,2

we know 21 = ( DG , , ,
DG , ,z da ,

,
]] Generalised

shape-26
IXCNXM)
↳
why ?



BACK PROP. WITH TENSORS

-2dB) = [ pls ) j pi ,2 ; Bl ,3]
221,1

JIB) = [ P2 , I j B 2,2 ; P2 ,3]
221,2

we know 21 = ( DG , , ,
DG , ,z da ,

,
]] Generalised

shape-26
IXCNXM)
→
. :L is a

scalar



BACK PROP. WITH TENSORS

-2dB) = [ pls ) j pi ,2 ; B1 ,3]
221,1

JIB) = [ P2 , I j B 2,2 ; P2 ,3]
221,2

we know 21 = ( DG , , ,
d 61,2 dal

,
]]

2h

Fa -

- III. Far]



BACK PROP. WITH TENSORS

-241= ( p ↳ I g pi ,2 ; Bi ,3] = 21
221,1

221,1

2 Cap) = [ P2 , I j B 2,2 ; P2P) = 21
- 221,2
221,2

we know 21 = ( d Gi , , d 61,2 dal
,
]]

2h

Fa -

- III. Em.]
¥ .

-
- Easa..



BACK PROP. WITH TENSORS

-2dB) = ( p ↳ I g pi , 2 ; Bb
's] = 21

221,1
221,1

2 Cap) = [ P2 , I j B 2,2 ; P2P) = 21
- 221,2
221g 2

we know 21 = ( d Gi , , d 61,2 dal
,
]]

2h

Fa -

- III. Em.]
¥.

. .

-
- Faizan-

*→ × ,↳ lxcnxm)



BACK PROP. WITH TENSORS

-2dB) = ( p ↳ I g pi , 2 ; Bb
's] = 21

221,1
221,1

2 Cap) = [ P2 , I j B 2,2 ; P2P) = 21
- 221,2
221
,
2

we know 21 = ( d Gi , , d 61,2 dal
,
]]

2h

Fa -

- III. End
2L = ( d Gigi plait d Gi ,zBls2tdG 1,381,3]
Jai

, ,

= Ita ' Fai
,
'

q×,n×my×¢n×mgxi ) → Dot product oftwo .



BACK PROP. WITH TENSORS
-

¥:c!.¥.is#...d--Ea1..cm.m,P:* .



BACK PROP. WITH TENSORS
-

¥:c!.¥.is#...d--Ea1..cm.m,P:* .
Similarly ;

ZIP = Fun ¥a ixcnxm)
IX (Dxm)
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←

H
Equivalence from Aside

G ⇒ z
Ed

x H ACD
P ← we⇒

T
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Equivalence from Aside

G ⇒ zed

: : ::3.
¥⇒

-

- a
";¥.

= a'''Ya"'- y)



COMPUTATIONGRAPH-CFORXOREXAMPLtw.im. ÷÷rm¥¥*i
←
¥. H

ftp.i.ae#e7yI
⇒

= fam - y5
' acid1x(NH×ncD)N"xNNxn€J



COMPUTATIONGRAPH-CFORXOREXAMPLti.im. ÷:÷im⇒¥*i=n÷÷¥
←

¥a¥
←

H
FF; = ?



COMPUTATIONGRAPH-CFORXOREXAMPLtw.im. ÷÷im¥¥¥=n÷÷I
←
¥. H

Fj; = ?

Let a = beat
B
"
-

- E I
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←

¥a¥
←

H
JI = ?
2C



COMPUTATIONGRAPH-CFORXOREXAMPLEJ-ii.ci:⇒EH⇒÷÷im⇒¥*i=n÷÷¥¥÷¥
←

H
JL =

§×u×wea)
(¥

.

- - -
- Ina, ]

=H⇒¥
"

. - -
-y



COMPUTATIONGRAPH-CFORXOREXAMPLtw.im. ÷÷im⇒¥⇒=n÷÷I ¥÷¥ ←

H
(2)

¥
.

-

- ¥¥
"
"

I
"

÷.t.am
.:c: :

NxN
"]
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←
¥.

←

H
÷÷E÷ =L :

@xn
'd) x (D



COMPUTATIONGRAPH-CFORXORE-XAMPLEJi.ix.im. ÷÷i⇒m÷⇒i=n÷÷¥¥÷i
←

H
÷:c' =L :

as@xne27xLDFi-34iii.n.si?@xnezDx ,



COMPUTATIONGRAPH-CFORXOREXAMPLtw.im. ÷÷im¥¥*:*÷: ¥÷: ← H
w :#is::÷÷÷÷÷:S
Then¥,=EndIf
-



COMPUTATION GRAPH C-
-

FOR XOR EXAMPLE)

II
,

-

- En dat? ,

⇒ ago = LEE dzi.4g.E.iddi.dz . - g. EIDE? nee)
⇒ ÷. fi

:

E?dz9?n" next



COMPUTATIONGRAPH-CFORXOREXAMPLtw.ii.im. ÷÷ima÷⇒*÷÷ ¥÷¥ ←

H
3¥. -

-

E..¥? = ¥655
'

-
- ÷,

we"
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⇐I ¥÷i H

← ←

3¥. -
-

E.. -

- ¥655
'

-
- ÷,

we"

ixcnxn
") *em,wed)

Y'"xn"



COMPUTATIONGRAPH-CFORXOREXAMPLtw.im. ÷÷ima÷⇒:*÷÷¥¥÷¥
←

H
'÷. -

- Fae. ::÷ .

-⇐i'"Il
ixnxn
") ,×¥×weMxcn"xn") Tn; n

")

(Nx N
")



COMPUTATIONGRAPH-CFORXOREXAMPLtw.ci:¥÷÷¥¥÷÷i⇒⇒¥⇒:
⇐I t÷¥ H

← ←

'÷. -
- ¥. :n÷. -

-⇐i'"Il
ixnxn
") ,×¥×weMxcn"xn") Thx;

")

=
we" o g'"

'

Ge'D Lnxn
")

"
Remmert wise
Ot dot product of Jacobian
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←

H
3¥. . -- a' ''¥, ⇒ ¥.

-
-⇐ a

'd

÷. .

Eh
,

dzi?Ned Ned, I


