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Goal of Backward Pass
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Begin from succeeding layer
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Begin from succeeding layer
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Update the parameters “
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o Heavy computations are with the linear operations
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BP Needs all the intermediate layer results to be in memory
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Observations

©

BP is basically simple: applying chain rule iteratively

©

It can be expressed in tensorial form (similar to the forward pass)

©

Heavy computations are with the linear operations
Nonlinearities go into simple element wise operations

BP Needs all the intermediate layer results to be in memory

© © o

Takes twice the computations of forward pass
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Beyond MLP

o We can generalize MLP

21 = f(x; W, b)

Layer 1 Layer L

To an arbitrary Directed Acyclic Graph (DAG)

Dr. Konda Reddy Mopuri dl - 06/ Backpropagation-2 15



Forward pass in the computational gra%

wih)

x© = x

oM

x(

u

Dr. Konda Reddy Mopuri

- 06/ Backpropagation-2

f(x)=x®

z:-oécm 0388 dend B0 s

Indian Institute nh ology Hyderabad

16



wih)

f(x)=x®

xO =x |t

Dr. Konda Reddy Mopuri dl - 06/ Backpropagation-2 16



26bab 0888 dend H0% PaTenl
rabad

Forward pass in the computational gra%

wih)

f(x)=x®

xO =x |t

Dr. Konda Reddy Mopuri dl - 06/ Backpropagation-2 16



wih)

0 z(0 =¢

o z() = M (£(0); M)

0 2 = ¢g@ (2 21, ,(2))
o f(z) = 73) = ¢(3)($(1) T

Dr. Konda Reddy Mopuri

dl - 06/ Backpropagation-2

f(x)=x®

16



z:-oécm odas e 903 sl

Notation: Jacobian of a general transformatu s

if (a1...ag) = ¢(b1...bR) then we use the notation (3)

8(11 8G,Q
oby te ob1
Oal| _ 7T _ . . .
(] =sf=|: -~ (4)
day dag
Obgr Tt Obgr

Dr. Konda Reddy Mopuri dl - 06/ Backpropagation-2 17



Notation: Jacobian of a general transformatu

Qo
if (a1 . .aQ) = gb(bl ..
Hay
aby
Oal| _ 7T _ .
{8b} =Jy =
day
Obgr
Qo
if (a1...ag) = ¢(b br;c1
Hay
oc1
Oa| _ 7T _ .
(%] =T =1 :
day
9Cs

Dr. Konda Reddy Mopuri

.br) then we use the notation

dag
0by
dag
Obgr

¢g) then we use the notation

dag
dc1

dag
dcg

dl - 06/ Backpropagation-2

z:-oécm odas e 903 sl

vrmﬁ?z?rd!?
of Technology Hyderabad

(3)

(4)

(5)

(6)

17



Backward pass
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Observations, some more sz

o Does BP always find the 'right’ function? (Let's assume it converged
to the global minimum of the loss function)
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Observations, some more || g

o Does BP always find the 'right’ function? (Let's assume it converged
to the global minimum of the loss function)

Remember, our loss function is only a proxy for the classification error

©

Minimizing the proxy may not minimize the actual

©

©

e., ideal function (separation for classification) may not be a feasible
optimum for the chosen loss function
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o New training samples may change BP minimally
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network size)
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@
High dimensional loss surfaces are conﬂl@ﬁ“mm

o Saddle points are far more frequent than local minima (exponential in
network size)

o Most local minima are equivalent and lie close to the global minimum

o Active research!
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