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Recap

T
o Gradient of a scalar valued function f(x): x — (ﬁ i)
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Recap

. . of ar \T
o Gradient of a scalar valued function f(x): x — (871’ ce %)

o Gradient of a vector valued function f(x) is called Jacobian:
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MLP: Some Notation \I.l\

@ wé.k is the weight connecting 5% neuron in I*" layer and k** neuron in
(I —1)" layer
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MLP: Some Notation II.II
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@ wé-k is the weight connecting 5% neuron in I*" layer and k** neuron in
(I —1)" layer

layer 1 layer 2 layer 3
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MLP: Some Notation \IIH

et v b

@ bé is the bias of j neuron in I*" layer
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MLP: Some Notation

@ bé is the bias of j neuron in I*" layer

@ a:é is the activation (output) of 5 neuron in I*" layer
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MLP: Some Notation

@ bé is the bias of j neuron in I*" layer

@ a:é is the activation (output) of 5 neuron in I*" layer
@
1 _ 1 1-1 gl
T = U(ijkxk +0;)
k
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MLP: Some Notation

@ bé is the bias of j neuron in I*" layer

@ xé is the activation (output) of 5 neuron in I*" layer
@
1 _ 1 1-1 gl
T = U(ijkxk +0;)
k

@ Vector of activations (or, biases) at a layer [ is denoted by a
bold-faced x' (‘or b') and W is the matrix of weights into layer
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MLP: Some Notation

@ sé- is the weighted input to j* neuron in I*" layer
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MLP: Some Notation
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MLP: Some Notation

Q sé is the welghted input to j** neuron in I*" layer
é =Y wh kack 1+ bé-
e Sl _ Wle—l + bl
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MLP: Some Notation \Il\

Buviutinshmined

sé- is the weighted input to j** neuron in I*" layer
1 !

;= ka kack Ly bj

L i1 4 b

o is the activation function that applies element-wise
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Gradient descent on MLP

o Loss is L(W,b) = X, 1(F (s W, b), y) = 3, L(x", y) (L is the
number of layers in the MLP)
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Gradient descent on MLP

o Loss is L(W,b) = X, 1(F (s W, b), y) = 3, L(x", y) (L is the
number of layers in the MLP)

o For applying Gradient descent, we need gradient of individual sample
loss with respect to all the model parameters

ln = l(f($n, Wv b)vyn)

Oly, d Oly,
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w® Q)
oW, ob

for all layers [
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Forward pass operation \Il‘

et v b

p(2)

2@ = WOy gy ) WERB @) ey WS (n) 2 (1) 2 Wb

Formally, z(0) = x, f(z; W, b) = z(L)
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Chain rule of differential calculus

o Core concept of backpropagation
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Chain rule of differential calculus

o Core concept of backpropagation

Qo

(gof)(z)=4d(f(x)) f(2)
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Chain rule of differential calculus

o Core concept of backpropagation

Qo

(gof)(z)=4d(f(x)) f(2)
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Chain rule of differential calculus Il.ll

mmmmmmmmmmmmmmmmmmmmmmmmmmm

N

The Chain Rule
dy _ dy du
dx ~ du dx

d y Differentiate
__ [ outer function Differentiate
Keep the inside inner function
x the same

=
Nz
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Chain rule of differential calculus

@ f(z) = e @) let’s find % (work it out on the board)
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Chain rule of differential calculus

g=uzy
f=g+=2
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Chain rule of differential calculus

g=uzy
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Chain rule of differential calculus

g=uzy
f=g+=2
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Chain rule of differential calculus

g=uzy
f=g+=2
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Chain rule of differential calculus

g=uzy
f=g+=
fl@,y,2) =2y +2

L=(f-t?

t = —4 (for this input)
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Chain rule of differential calculus

g=uzy
f=g+=
flxy,2) =ay+ 2

L=(f-t)?

t = —4 (for this input)
L
T 2(f—1t)
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Chain rule of differential calculus

g=uzy
f=g+=2
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Chain rule of differential calculus

g=uzy
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Chain rule of differential calculus
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Chain rule of differential calculus
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Chain rule of differential calculus
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Chain rule of differential calculus

g=uzy
f=g+=
N2 flxy,2) =ay+ 2
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Chain rule of differential calculus

g=uzy
f=g+=
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Chain rule of differential calculus

g=uzy
f=g+=
N2 flxy,2) =ay+ 2
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Chain rule of differential calculus
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Chain rule of differential calculus

g—l g=my
0z . \f:g+z
N, fey,2) =oy+ 2
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Chain rule of differential calculus

g=uzy
f=g+=
N2 flxy,2) =ay+ 2
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Chain rule of differential calculus
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Chain rule of differential calculus Il.ll
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g=u1y

oL 0L dg

Eiw(‘}x f=g+z
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Chain rule of differential calculus Il.ll
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~— g=uy

oL 0L dg

Eiw(‘}x f=g+z
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Chain rule of differential calculus Il.ll
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oL 9L g de

Eiw(‘)x f:g+2
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Chain rule of differential calculus
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Chain rule of differential calculus

g=1y
oz — f=g+=z
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Chain rule of differential calculus Il.ll
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Gradient Flow
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Techology Hyderabod

Gradient Flow Il.ll

F-Hf - f)f{ L)l]
X Jr ~ dg dr
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Gradient Flow
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Gradient Flow
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Gradient Flow
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Gradient Flow

Downstreor
Gredlenlm\()i_.

X o

Upstream
Gradient
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L
Chain rule of differential calculus for an MLFI

Jinosn—1ot1(@) = IINUN_1Cf1@)) TN 1 (N2 f1@)) T (F1e) T ()

Jf(x) is Jacobian of f computed at x.
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