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LEARNING OUTCOMES

05

* Understanding Loss Function.

* Understanding Activation Function.

* Understanding Sigmoid Function

* Understanding how to use the Log-Loss Function in optimization.

* Understanding Optimization in Neural Network.
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Yy =wi;Xx; + WX, + b

Goal: Find weights and bias that

N
Reduce the errors in the predictions.
WXy + WX, + b
y The Loss Function
Summation
Function A loss function is a mathematical function

that quantifies the difference between
predicted and actual values in a machine

learning model.
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? = WiXq +W2X2 +b

The Loss Function:
Wix; +wyx, + b

’ Ly,3) =5 0 =9

Summation
Function

Goal: Find w; w,, and b that give

y with the least error.
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Yy =wiXx{ +wWyx,+b
The Loss Function:
o~ 1 o~
Ly,y) =5 —¥)*

Goal: Find w; w,, and b that give

y with the least error.
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To find optimal values for w; w,, and b

Using gradient descent and calculate:

Wl — w1 — X |—
Set initial ow,

starting

values \_._ oL

Wy = IWHl— A |—
2 2 awz‘\

oL Find partial
derivatives
b—-|b
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Prediction Function:

Yy =wiXx{ +wyx,+b

The Loss Function:

Ly, y) = (y — 9)?

Using Chain Rule:
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Prediction Function:

Yy =wiXx{ +wyx,+b

The Loss Function:

Ly, y) = (y — 9)?

|
MIDOCEA
dL 1
_ = _ a2 _ A
% > =) G )
dy
a—m WiXq1 + WoXs + b X1
dy
a—% WiX4 +sz2 + b X9
ay
= WiX; + WyXx, + b 1
ﬂb 1*1 2v2
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Prediction Function:

Yy =wiXx{ +wyx,+b

The Loss Function:

Ly, y) = (y — 9)?
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oL oL 9y ~
aw, 35 < ow, -,y = ¥)
oL oL 9y R
ow, oy ow, 207V
aL aL dy N
FTA =3 “ab -(y—-7)
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JdL
i - YT Gy
Goal: Find the optimal values for 1
wy W, and b that give 9 with the =wi—a(—x1(y - )
least error _ aL
: Wz - Wz a 6“}'2

wy —a(=x2(y =)
JL

= b —ﬂ'%

b—a(=(y-7)

Perform Gradient Descent
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Perceptron

). o(Z)

1
Z=w1x1+w2x2+b aglz) =
\ ( )\ 1+ e 2
—_ _ . 4 .
(-" 1 N\ Continues number Activation Function
\ Sigmoid Function
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The sigmoid function takes the entire

number line and crunches into the !

interval zero, one, which 1s what we want
for the output.

o(z) = 1

1+e 2

Or;
o(z)=(1+e ! —
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c(z)=1+e ) !
;z 6(z)=-11+e?) 1" 1x (i (1+ e‘z))

=-1(1+e?%)2 x ( 4 1 o (e_z))

= —1(1+e7) % x ((0) + e_z%(—z))
=—1(1+e %)% x(eZ x—-1)

=—-1(1+e %)% x—e?
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L o) =(1+e) 2 (@)

d
e—Z
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Since o(z) =

d
P o(z) = cr(z)(l - cr(z))
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Log-loss Function is indicative of how close the prediction probability is to the corresponding actual/true value
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Prediction Function:

1
@ y =0(WiXx; +WyXxy + b)

Log-Loss Function:

L(y,y) = —ylogy — (1 —-y)log(1-Y)

Perceptron
~
Z |o(Z)
J

the difference between y and ¥y is small.

If L(y,9) is large number, the difference between
lL(y 'Y) y and?y islarge, and If L(y,¥) is small number,

ﬁ Goal:
o [ind the optimal values for wy w,, and

b that give y with the least error.
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Perceptron
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To find optimal values for w; w,, and b

@ Using gradient descent and calculate:

Set initial

W1

_).

starting values
4@ lL(y, ) }'

pr—

W1

— & |

aL
6w1

oL
awZ

N

Find partial
derivatives
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Prediction Function:

y =06(W{x; + Wyxy, + b)

The Log-Loss Function:

L(y,y)

=—ylogy — (1—y)log(1—-Y%)

Using Chain Rule:
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Prediction Function:

y = 6(Wixq + WyXx, + b)

The Log-Loss Function:

L(y,y)

=—ylogy — (1—y)log(1—-Y%)
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Prediction Function: d =0(2)(1-0(2))
dz =y1-Y)
y =o(wixqy +wyx, + b) |

ay

FY o(wyixy +wyx, +b) (1 —-9)xq
1
L 3y

The Log-Loss Function: ﬁ o(wix, + WXy +b) P(1—P)X,
2

L(y,y) = —ylogy — (1 —y)log(1-y)

oy

—  o(wx; +wyx, +b) Yy(1-9)
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Prediction Function:

y =o(wix; +wyx; + b) ow, 09y ow; Y(1-7) xy(1=y)x1

The Log-Loss Function:
oL oL 0y -(0-3)
L(y,y) =-ylogy -1 -y)log1-y) | 3p ~ 8y ab F(1-9)
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Prediction Function:

— — = — X — — X ﬁ}"él———y}ﬂ X
y = 6(Wixq1 + Wyx; + b) ow,; 9y dw,; 32 —3) 1

The Log-Loss Function:

L(y,y) =—-ylogy—A-»log1-% | 35 ~35 “ab Fa—z Y&
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Prediction Function:

y = 06(Wixq + WaXxo + b)

The Log-Loss Function:

MiDoCEA
L 9L Yy R
3_“*’1 @ X 6_w1 -y —¥)x;
oL 9L Yy R
aw, |~ 3% X o -y = ¥)x,
oL aL dy y—%)
ab 9y b Y=y

L(y,y) =—-ylogy —(1—y)log(1—-%)
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Perceptron
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Perform Gradient Descent

JoL
Wi =W;— Q& —
1 1 aw,

—a(—x,(y —¥)
oL

—a'_

Wz = Wz awz

wy —a(=x(y =)
L

=b—-a(-(y-y)

b=b
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A neural network is just a bunch of Perceptrons organized in layers where the information of these perceptions

is passedto the next layer. - ~N

Zy |a1=0(24)

Wi

Y s N

Perceptron (hidden)
Z o(z) @
w

N 2 L )
Zy |Az=0 ( Z, ) Perceptron (Output)

J
Perceptron (hidden) , - b

1

N\ ’/
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a, =0(zy)

Z1 = X1W11 + XoWoq + bl

} a, = o(z;)
I'J'(Z) Zz — xlwlz + xzwzz + bz

y =0(2)
Z a,w, + aw, + b

Log-Loss Function

L(y,y) = —ylogy— (1 —y)log(1—-Y)
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Goal: Adjust every weight (w) and bias (b) in order to reduce the loss function L(y,y)

( N

Zy |a1=0(Z¢)

J/

Perceptron (hidden)

~N

Z, (a;=-0(z;)
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(

N\
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Perceptron (Output)
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33;111 Zq = X1Wq1q + XoW5, + by X1
3—2 a,_0(zy) a,(1-ay)
:_;1 Z,=awq +a,w, +Db Wy

E y = 0(2) y(1-—-y)
0z

g—; L(y,y) = —ylogy — (1 -y)log(1-Yy) ;g = g
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oL _ 0z, day 0z 0y dL

= X X
ﬂwn 6W11 621 6(11 ﬂz 6y
JL -y-)
=xqi*a;(1—aq) * wy *y(1 —9y) *—= —
W1 1 1 1 1 *y y (1 —9)
oL R
W, =—xwia;(1—aq) (y —y)

Perform Gradient Descent
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02y ) T \%a,
oL oWy 0z,

1
W14 Z{ =X{Wq11+X,W51 + byl aq= 0'(31)]
9 @
W, da, 0z
a
z=a;w;+aw, +b ‘T(Z)]_@ ﬁ_;

L(y,y)[
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dz; 0da, 0z ay 6
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. aa;:l Z, = + XaWaq1 + by X2
3—2 a,_0(zy) a,(1-ay)
:_;1 Z,=awq +a,w, +Db Wy
E y = 0(2) y(1-—-y)

0z
g—; L(y,y) = —ylogy — (1 -y)log(1-Yy) ;g = g
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oL _ 0z, day 0z 0y dL

= X X
6W21 6W21 621 6(11 ﬂz 6y
JL -y-)
=x,*¥a;(1—aq) * wy *y(1 —9) *—= —
AW, 2 1 1 1 *y y (1 —9)
oL R
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Perform Gradient Descent
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92y o N0
abl aﬁ 1

1
Z; = X1{Wq1q + X2Wo1 + bl a]_:ﬂ'(zl)] m @
o
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g_zi Z, = + by 1
3—2 a,_0(zy) a,(1-ay)
:_;1 zZ, =awq +a,w, +b Wi
g 5 = 0(z) y(1 - )
g—; L(y,y) = —ylogy — (1 —-y)log(1-Y) ;g - g
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aL 62’1 aal aZ 6)? 3L
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0z
a_M Z = alwl al
ay . SR
= y = 6(2) (1 - )
Z
oL R - N -y—-y)
— L(y,y) = —ylogy — (1 —y)log(1 — = =
% Y,y ylogy — (1 —y)log(1—-%) 5(1=7%)




Lecture |
Neural Network MIDOCEA

JdL dz dy 0L

— = — X — .

ow; dw, azxay

oL N . —O-y

— =14 * (1— )*ﬁ —

ow, VYVTY 573
oL N
awl_ al(y y)

Perform Gradient Descent
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\ )
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_ Rule Logarithm Equal to

ProductRule log xy logx +logy
X
Division Rule log ; logx —logy
Exponential Rule lOg x© C lﬂg X
. Methd | Ruke
The Gradient of f(x,y) Vf= g; - [g;
ay.

Gradient Descent Xnew = Xold — a:f r (xﬂgd)
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