EECS 442 Discussion 5

Backpropagation



Discussion Agenda

e Neural Network

Layers
o  Fully Connected
o RelLU

e Computational Graphs
o Forward and Backward Passes
o Chain Rule

e Backpropagation
e Optimizer
o  SGD with Momentum



Neural Networks

e Models that can learn varying features of data by approximating almost any nonlinear
function

Inputs Hidden
Layer
Outputs
W1 W2
X h S

fx)= W,h(W,x + b,) + b,



Fully Connected Layer

For regular neural networks, the most common layer type is the fully-connected
layer in which neurons between two adjacent layers are fully pairwise connected,

but neurons within a single layer share no connections.

The weight dimension is (3, 4) in the right example.

input layer

fuIIy ConneCted Iayer CS231n Convolutional Neural Networks for Visual Recognition



https://cs231n.github.io/neural-networks-1/

Rectified Linear Unit (ReLU)

Activation function: introduces non-linearity

Thresholded at zero

f(x) = max(0, x)

Accelerates the convergence of Stochastic Gradient Descent (SGD)
Simple to implement and fast to compute
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https://cs231n.github.io/neural-networks-1/

Network Structure for PS4

Training mode-optimize W1, b1, W2, b2 Test mode-get predictions
Fully Uy Fully
connected ), w?:e::ed Softmax Inputs  connected connected
layer eLUlayer 1y Layer layer RelLU layer layer
W1 RelLu W2 W, W,
X h —| p » h —| L —»Losses | x » h — p h [ scores
b1 function b2
Forward pass _

-

Backward pass, try to find grad_W1, grad_b1, grad_W2, grad_b2



Computational Graphs

o Need to analytically derive all gradients
e Instead: modularize computation!
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Computing gradients is infeasible for complex models
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Forward and Backward Passes

flz,y) =z+y
1. Forward pass: Compute outputs
L=x+y

2. Backward pass: Compute derivatives

d_1 Yoy

Oy ox

O
@41 flx,y)=x+y
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https://cs231n.github.io/neural-networks-1/

Backpropagation:

Simple Example 3@“
f,y,z)=x+y)-z |’
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https://web.eecs.umich.edu/~justincj/teaching/eecs498/FA2020/

Backpropagation:

Simple Example DOq
fx,y,z)=x+y)-z |’-

e.g.x=-2,y=5,z=-4
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https://web.eecs.umich.edu/~justincj/teaching/eecs498/FA2020/

Backpropagation:

Simple Example D@Q .
fx,yz)=x+y)-z |’=

e.g.x=-2,y=5,z=-4

12

1. Forward pass: Compute outputs

q=x+y [f=q-z

2. Backward pass: Compute derivatives

want: O Of 0f
dx dy 0z

EECS 598: Deep Learning for Computer Vision



https://web.eecs.umich.edu/~justincj/teaching/eecs498/FA2020/

Backpropagation:

Simple Example D@q .
fx,yz)=x+y)-z |’=
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1. Forward pass: Compute outputs
q=x+y [f=q-z of
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Backpropagation:

Simple Example D@q .
fx,yz)=x+y)-z |’=

e.g.x=-2,y=5,z=-4

12

Z 4
1. Forward pass: Compute outputs 3
q=x+y f=q-z
2. Backward pass: Compute derivatives af
0z
want: 9 9f 0f

"9y 0z
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Backpropagation:

Simple Example D@q .
fx,y,z)=x+y)-z |’=

e.g.x=-2,y=5,z=-4

12

Z 4
1. Forward pass: Compute outputs 3
q=x+ty |[[=q -z
2. Backward pass: Compute derivatives af =q
0z
want: 9/ Of Of

"9y 0z
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Backpropagation:

Simple Example D@q .
fooy,2)=(@+y)-z |- t

eg.x=-2,y=5,z=-4 Z_4—/

1. Forward pass: Compute outputs
q=x+ty [f=q-z of
2. Backward pass: Compute derivatives aq

want: O Of 0f
dy 0z
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Backpropagation:

Simple Example D@q .
fooy,z)=(@+y)-z |- t

eg.x=-2,y=5,z=-4 Z_4—/

1. Forward pass: Compute outputs
q=x+y |f=q-z of _
2. Backward pass: Compute derivatives 0 q

Want: af,af,af
dx dy 0z
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Backpropagation:
Simple Example

foy,z)y=x+y)- z
eg.x=-2,y=5,z=-4

1. Forward pass: Compute outputs

q=x+y [f=qz of

2. Backward pass: Compute derivatives ay

want: O Of 0f
dx dy 0z
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Backpropagation:
Simple Example

foy,z)y=x+y)- z
eg.x=-2,y=5,z=-4

1. Forward pass: Compute outputs

Chain Rule
q=x+y f=q-z of dqof
2. Backward pass: Compute derivatives @ — @%

want: O Of 0f
dx dy 0z
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Backpropagation:
Simple Example

fy,z)y=x+y) z
eg.x=-2,y=5,z=-4

1. Forward pass: Compute outputs

Chain Rule
q=x+Yy| f=q-z of 0qof
2. Backward pass: Compute derivatives @ = @%
Want: af af af Downstrear< Loc:II }Jpstream

ax ’ ay ’ aZ Gradient Gradient Gradient
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Backpropagation:
Simple Example

fy,z)y=x+y)- z
eg.x=-2,y=5,z=-4

1. Forward pass: Compute outputs

Chain Rule
q=x+Yy| f=q-z of aqof| [aq
. R =1
2. Backward pass: Compute derivatives ay ay aq 57
Want: af af af Downstrean/; Loc:II }Jpstream

) )
ay 07 Gradient
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Backpropagation:
Simple Example

fy,z)y=x+y) z
eg.x=-2,y=5,z=-4

1. Forward pass: Compute outputs

Chain Rule
q=x+Yy| f=q-z of aqof| [aq
- A =1
2. Backward pass: Compute derivatives ay ay aq 57
Want: af af af Downstrear< Loc:II }Jpstream

ax ’ ay ’ aZ Gradient Gradient Gradient
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Backpropagation:
Simple Example

fy,z)y=x+y) z
eg.x=-2,y=5,z=-4

1. Forward pass: Compute outputs :
Chain Rule

q=x+Yy| f=q-z of oqof| [aq
2. Backward pass: Compute derivatives E - a% Jdx
Want: af af af Downstrear< Loc:II }Jpstream

ax ’ ay ’ aZ Gradient Gradient Gradient
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Backpropagation:
Simple Example

fy,z)y=x+y) z
eg.x=-2,y=5,z=-4

1. Forward pass: Compute outputs :
Chain Rule

q=x+Yy| f=q-z of oqof| [aq
2. Backward pass: Compute derivatives E - a% Jdx
Want: af af af Downstrear< Loc:II }Jpstream

ax ’ ay ’ aZ Gradient Gradient Gradient
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Backpropagation of some common operations

add gate: gradient distributor
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copy gate: gradient adder
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mul gate: “swap multiplier”
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max gate: gradient router
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1
Another Example  ftuw) =T—— s
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1
Another Example  ftuw) =T—— s

Forward pass: Compute outputs X

w0 2.00
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1
Another Example  ftuw) =T—— s

LBackward pass: Compute gradients

w0 2.00
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1
Another Example  f(xw) = ——g

Eackward pass: Compute gradients

w0 2.00

Local Gradient
9, [1] 1
oxlxl  x?

0.37 +1 1.37 0.73
-0.53 1.00

Downstream Upstream
Gradient Gradient
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1
Another Example  f(xw) = ——g

Eackward pass: Compute gradients

w0 2.00
Local Gradient
x0 - 0
—lx+1]=1
ax[ |
wl - ‘

0.37 1.37 0.73
-0.53 -0.53 1.00

Downstream
Gradient

x1 -

w2 -
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1
Another Example  f(xw) = ——g

Eackward pass: Compute gradients

w0 2.00

Local Gradient

x0 -1.00 0
o—[e¥] = e*
0x
w1 -3.00 1
| . -1.00 @ 037 §/A\ 137 A3 073
x1 -2.00 -0.20 -0.53 053 \_/ 1.00
2 -3.00 1 1
. Downstream Upstream
Gradient Gradient
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1
Another Example  f(xw) = ——g

Eackward pass: Compute gradients

w0 2.00
Local Gradient
x0 - a
—[—x] =-1
ox
wl -
¥

1.00 47\ -1.00 P 037 /). 137 @ 0.73
0.20 -0.20 053 \__/ 053 \'J 1.00
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Downstream Upstream
Gradient Gradient
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w2 -
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1
Another Example  f(aw) =1 ——g —m s

Backward pass: Compute gradients
w0 2.00 <

Local Gradient

x0 -1.00 0 0
—|x + =1 —I|Xx + =1
S letyl=1 oty
w1 -3.00
| . # -1.00 0.37 1.37 0.73
: V . _@ 020 @ 053 @ 053 @ 1.00
M | UGF;Ztc:iZanT |

Downstream
Gradient
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1
Another Example  f(aw) =1 ——g —m s

Eackward pass: Compute gradients

w0 2.00
:X} Local Gradient
x0 -1.00 a a
w1 -3.00 0x X+ dy | V!

-1.00 fe;\ 0.37 @ 1.37 /ﬁx\ 0.73
x1 -2.00 -0.20 \_p/ 053 \__/ 053 \_J 1.00

w2 -3.00

0.20
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1
Another Example  f(aw) =1 ——g —m =

Downstream Gradient Upstream .
Gradient Backward pass: Compute gradients
w0]2.00 <
. J Local Gradient
w0l-
0 d
—
a—[xy] y 5 —[xyl] =
w1l -3.00 Y
1oofe;\ 0.37 @ 1.37 fﬁx\ 0.73
x1 -2.00 0.20 \_p/ g% \ /7 81 N1 100
w2 -3.00
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1
Another Example  f(ow) =1 ——g —m =y
Downstream Gradient Upstream
| Gradient |

Backward pass: Compute gradients
w0 2.00 <

Local Gradient

) 0
— — —[xv] = x
Ix [xy] =y ay[ y]

0.39

—
-1.00 @ 0.37 @ 1.37 /17)(\ 0.73
X1 -0.20 \_p/ 053 \__/ 053 \_J 100
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SGD + Momentum

Stochastic Gradient Descent

Select training samples instead of looping over all training examples

Update rule
l One iteration of gradient descent:

VJ(O) ~ ITl 2 VL(x;,y;0) 0'+! = 0t — 1, VJ(0)
i€B '

0=0"

l‘.ming rate

where B is a minibatch: a random subset of examples



Momentum

SGD with Momentum has the following update rule

vdW + B xv
W < W — learning_rate x v

where beta is a scalar in range [0,1], dW is the gradient of the network parameter W, v is
velocity initialized as all zeros.



No Momentum

p =0 ie.disable momentum

Source: https://distill.oub/2017/momentum


https://distill.pub/2017/momentum

With Momentum

0.99

P

Source: https://distill.oub/2017/momentum


https://distill.pub/2017/momentum

