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Lecture plan I

« Overview of feedforward neural networks
» Backpropagation and computational graphs
 Implementing feedforward neural networks from scratch

e Hands-on exercises

Ask for help if you need it:
 office hour: 3-5 pm Tuesdays at LI-5459
« Zoom meetings: by schedule
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Feedforward neural networks
Two-layer network with scalar output

a2 = o0(z2)

output laver @ _» _ woal + b2

W2
| | al = ReLu(z1
hidden units . ‘ ' b2 71 = Wilx -(|- b)1

Wi

input layer ‘ ‘ ‘ ‘ ‘ bl

X
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Example

chinese name major gender nl male n2 male nl uniqueness n2_ uniqueness

MINEX LLA = 0.442 -0.562 2.795 2.087

x = [0.442,-0.562,2.795,2.087]

W1 =[[1,3,24], @ a2=0(z2)
:2’1’4’3]] W2 z2 = W2al + b2

W2 =1[-1,2] al = ReLu(z1) b2

bl=[1-1],b2=2 z1l =W1lx + bl B

z1 = Wlx+bl W1 bl

al = ReLU(z1) = max(z1,0)

22 = W2al+b2 6 6 00

a2 =0(z2)=1/(14+e?%) X
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Example W1 X b1

x = [0.442,-0.562,2.795,2.087] 0.442
W1 =[[1,3,24], [1,3,2,4 « -0.562 N [1 l
[2)1;4)3]] 2,1,4‘,3 2.795 '1
W2 =[-1,2] | 2.087
bl =[1,-1],b2 =2
z1 = Wix+b1l _ [1x0.442 + 3x-0.562 + 2x2.795 + 4X2.087l N [1 l
al = ReLU(z1) = max(z1,0) 2x0.442 + 1x-0.562 + 4x2.795 + 3x2.087] |1
a2 = 0(22)=1/(1+e) 17.763 1 T |-1
71 = [13.694]
16.763

al = ReLU(z1) = max(z1,0) =zl

z2 =W2al+b2 =[-1,2] x | 13.694 l + 2 =-1x13.694 + 2x16.763 +2 = 21.832
16.763

a2 =1/(1+e??) =1/(1+e?%1832) = 0.99
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Compute the parameters I

a2 =o(z2)
® 2=w2a1+p2 w1 . b1
w2 10.442
al = ReLu(z1) .
A=wix+p1 @ @ @02 [1,3,2,4 _|-0562 +[1 |
2,1,4,31 *|2.795 1
Wi 2,087

@ 6 0 0 0ohbl
X

How to know the weights (W1,W2) and biases (b1,b2)?
—>through error backpropagation
which relies on computation graphs
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Gradient descent in logistic regression
[, Ik, Cheuk, Lam, LLA] = x=10.5,0.7, 0.5, 0.6, 0.8], y=1

1. initialize w and b, set n
w=1[0,0,0,0,0],b=0,1=0.1

2. compute y
y=0o(wx+b)=0.5

3. compute the gradients for wandb
Gw = (9 -y)x = (0.5- 1)[0.5, 0.7, 0.5, 0.6, 0.8] = [-0.25, -0.35, -0.25, -0.3, -0.4]
Gb=9-y=0.5-1=-0.5

4. update wand b

w1 =w,-nGw=[0,0,0,0, 0] -0.1*[-0.25, -0.35, -0.25, -0.3, -0.4]
=10.025, 0.035, 0.025, 0.03, 0.04]

b1 =b,-nGb = 0- 0.1*(-0.5) = 0.05
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Backpropagation
x =10.442,-0.562,2.795,2.087], y=1

1. initialize W1,W2 and b1,b2, setnn 3. backpropagation

wi1=1[1,1,1,1], GW1
11,1,1,1]] GW?2
g\gz =[1[11]1] Gb1
b2=[1] Gb2
n=20.1
2. forward propagation 4. update W1,W2 and b1, b2
z1 = W1x + bl Wl = W1 -nGW1
al = ReLU(zl) = max(z1,0) W2..,=W2,-nGW2
z2 = W2al + b2 bl.,,=Dbl,-1nGbl
a2 = 0(z2) =1/(1 + e-z2) b2.,;=b2,-nGb2
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Gradient descent (again)

Minimize loss: Given the current w, move w in the
reverse direction from the slope of the function

Loss
concept of
) derivative
one step
of gradient
slope of loss at wl//' d%scent
1S negative
So we'll move positive
| 1 \ | >
min
\WY% \YY% \VY
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https://www.khanacademy.org/math/ap-calculus-ab/ab-differentiation-1-new/ab-2-1/v/derivative-as-a-concept?modal=1

Computation graph

A computation graph represents the process of computing
a mathematical expression

L(Cl,bjc)zc(a—|—2b) d = 2%b
a—+d

e —

L. = exe
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Example

L(a,b,c) = c(a+2b) d = 2xb
= a+td
L = cxe

3 forward pass
%
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Example

L(a,b,c) = c(a+2b) d = 2xb
e = a+d

. = exe

We want: 32 L ,nq 9L

The derivative S—z tells us how much a small change in a
affects L.
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The chain rule I

Computing the derivative of a composite function:

f@=ucty L=

df du dv dw
f@=ub(w) T = o
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d
Example =1 G e
L(a,b,c) =c(a+2b) d = 2xb £O) =c4x 5_f=1
e = a+d dfx
L. = exe fx) =€ E=ex
We want: oL JL d oL f,(x) = ax ﬂ=a
* Ja> ob> M 5¢ dx
%: € L=ce : 8_L_ %_
de TS 36 g
oL  dLde YTy de %_1
da  deda CTATE - 9aT ad
% _ dL de dd e op %:2
ob de dd db db
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c(a-+2b)

2xb
a—+d

c*ke

backward pass
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Backprop on a two-layer network I

v A — wllg 4 pli]
a'' = ReLU(Z!!)
A2 — w1 4 pl2

Sigmoid activation

W2

RelLU activation

2] 2
i ad? = o(z?)
$ = a
X, X, dReLU(z) [0 for z<0
dz 11 for z>0
do(z) _

2 =0(3)(1-0()
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Backprop on a two-layer network I

dReLU(z) [0 for z<0
dz 1 for z>0

dReLU(z) [0 for z<0 —
dz 11 for z>0
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Starting off the backward pass

L3,y) = —(ylog(®) + (1 — y)log(1 - §)) A= iy pl
1 — [1]
L(a,y) = —(yloga + (1 — y)log(1 — a)) ) = ReLU(")
0L 0L da A2 = wlgll 4 pl2
2z 9a 0z a? = ()
$ = a?
oL d log(a) 1 dlog(1 —a)
% - y oa + ( _ Y) da
_ 1 1 oy, y-1
= —<()’5)+ (1-y) —1_a(—1)> = (E-I_ 1 —a)
%_a(l—a) = (y+y_1) (1—a) =
0z 9z \a 1-—a)" “=aTy
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To do I
» Optional reading: SLP Ch7.6

 Tutorial on backpropagation:
https://cs231n.github.io/optimization-2/

« Gentle introduction on derivatives:

https://www.khanacademy.org/math/ap-calculus-ab/ab-
differentiation-1-new
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