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Example
® Problem: decision supporting for loan program

® [nput: Having data about salary and working time of
employees

® Qutput: Loan or not?

Salary (M VND) Experience (year) Loan

10 1 1
9 0.5 1
5 2 1
8 0.1 0
6 0.3 0
7 0.15 0

Tran Giang Son, tran-giang.son@usth.edu.vn 3 /30



Re

riew

00@000000000000
Example
EUEE e loan
e refuse
251 e ©
=
S 20 L4 .
> .
L]
g 15 A
L)
=
v
u% 104 o e e o
L
0.5 1 . .
L ] L ]
s (]
001 T T T T T T
4 5 6 7 8 9 10
Salary (million)
Visualization

Tran Giang Son, tran-giang.son@usth.edu.vn 4 / 30



Review
000e00000000000

Formulation

(2)

® Let %(1) be the salary and x;

profile ¢

be the working time of the

® Prediction model is defined as follows:

s (1) (2)

Y = wiT;  + Wax; ~+ Wy
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Visualization
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Prediction

® Requirement: estimate the probability that a new profile
should be loaned or not

e Qutput:

® [f the estimated loan probability >= threshold ¢, then the
new profile should be loaned

® Otherwise, it should be refused
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Sigmoid

1

g T (1)

® Continuous function with real values in the interval (0, 1)

® Derivative at every point (for applying gradient descent)
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Model definition

e Estimated loan probability g; is therefore:

(1) (2)

?ji = O'(gi) = O'(U)ll’i A Ww2Z; =+ U)()) (2)
o But otr] = H%’ therefore:
- 1
Ui = (3)

1+ o ol )
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Loss function

e (Consider the probability that the model predicts that the
profile i will be loaned as follows:

p(a¥ =1) =4, (4)

® Consider the probability that the model predicts that the
profile ¢ will be refused as follows:

p® =0)=1-g; ()

® In total:

p(a? = 1) +p(e = 0) =1 (©)
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Loss function

® For each data point (z(?,y;), loss value L; is defined as:

. —log(9i) ify, =1
| —logl— %) ify=0

® To combine:

Li = —(yilog(9:) + (1 — yi) log(1 — §:)) (8)
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Loss function
L; = —(y; log(9:) + (1 — y;) log(1 — 4s))
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Loss function
L; = —(y; log(9:) + (1 — y;) log(1 — 4;))
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Loss function

e For all data points, loss function J is defined as:

N
= _% Z(yL log(9:) + (1 — y;) * log(1 — §;)) 9)
i=1

® Binary cross entropy loss

® (Q: Why not MSE?
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Training

® Function

N
Z (vilog(9i) + (1 —wi) xlog(1 — g:))  (10)

® Apply gradient descent algorithm to find parameters
{wo, w1, wa} which minimize J
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Prediction

® Given a new profile (Znew, Ynew) calculate predicted loan
probability ne, using found parameters {wg, wy, wa}

® [,0an decision is defined as follows:

® If Jpew > t, loaned

® Else, refused
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Practice!
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Labwork 3: Logistic Regression

® Implement (from scratch!) logistic regression using previous
gradient descent code to optimize wg, wy, wa

® Input: a CSV file with 3 columns

® Qutput: wq, wy, ws

® Print the intermediate iterative steps
® Try experimenting with the loan decision example
® Write a report (in KTEX):

® Name it « Report.3.Logistic.Regression.tex »

® How you implement the algorithm

® Analyze the effect of different learning rate r w.r.t.
convergence

® Push your code and report to your forked repository
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Labwork 3: Logistic Regression (extras)

® Gradient descent for linear regression with binary cross
entropy error loss

® Remind: single loss value with sigmoid

Li = —(yilogo(§i) + (1 — yi) log(1 — o (%)) (11)

® Where
(1)

® 4, is predicted output, §; = wiz,”’ + ngz@) + wo

® o(z) is sigmoid function o(z) = ﬁ
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Labwork 3: Logistic Regression (extras)

L; = —(yilogo(9:) + (1 — yi)log(1 — o(9:))) (12)
e We have
= il te) (3

y; log U@z‘) = y;log m

1
il
o

(1= yi)log(lieyigi) (14)

(1 — y;)(logfe %) —log(l+e %))
(1 — yi)(—9 — log(1 + e %))
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Labwork 3: Logistic Regression (extras)

® Single loss value

L; = —(yilogo(§:) + (1 — yi) log(1 — o(9:)))

5
— —(—yilog(1 +€7) + (1 - ) (~9i — log(1 + 7))
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Labwork 3: Logistic Regression (extras)

w1 Bl ol e Uy

— (i — (95 + log(1 + e7%)))

— (i — log €% —log(1 4+ e~ %)) (16)
(g los((@ )il te 1))

g 0 )
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Labwork 3: Logistic Regression (extras)

® Loss of all data points

L e
:NZLi:_Nz%yL log(1 + %))

)

N
Z yZ UJLL + WQbL( )

® Minimize this function w.r.t wg, wy, ws,

dJ==dl—dJ

® Needs parital derivatives ——
P dwg’ dw1 dwg

+ wp) — log(1 + €

O00000®@0000000

w1 :rgl) +w2x§2(l%}) ))
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Labwork 3: Logistic Regression (extras)

® Remind: gradient descent
® [nitial value xg

® Function f(x)

First order derivative f’(x)

® Learning rate r

Threshold ¢
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Labwork 3: Logistic Regression (extras)

® 3D gradient descent for linear regression weights wg, wy, wo
(B (0) ~(0)

® Initial value wy ', w; ', wy

® Function f(wp, w1, ws) = L;

dfsdf =]
® First order parital derivatives —f, —f, —f
dwg dw;y " dws

® [earning rate r

Threshold ¢
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Labwork 3: Logistic Regression (extras)

® Function to calculate single loss value:

(1) (2)
f(wO;wth) = —yi(wlwgl)—i—wgmgz)+w0)+log(1+ew1% twaz; +wo)
(18)

® Therefore

-

dwyg

1 L eW1 T,E b +wsa $52> “+wo

1 (19)
(2)

g

= )
1 = eW1T; +wax;” +wo

=1 5 U(—(wlwgl) =+ wgmz(?) + wo))
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Labwork 3: Logistic Regression (extras)

® Function to calculate single loss value:

(1) (2)
f(wo, wr, wg) = —ys(wiz+uwaz o) Hog (14ew1% Frami o)
(20)

® Therefore

df (1) wlx( )+w2x( >+w0

= (D
dwq i

e

1 - 611)17’( >+ng( )—Huo

1 1 2
= e - (21)
1 = eW1T; +w2a:v +wo
=~y + 20 (1 = o(— (it + worl +wp)))
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Labwork 3: Logistic Regression (extras)

® Function to calculate single loss value:

(1) (2)
f(wo, wr, wg) = —gs(wiz+wsz o) Hog(14em1% Tram +uo)
(22)

® Therefore

df (2) wlx( )+w2x( >+w0

=
dws e

e

1 - 611)17’( >+ng( )—Huo

1 ) (23)

= =i (2) +Jd§ )(1 =

1 = eivla:(1>+w2m<2)+w0

(1) (2)

o(—(wig;”’ + w2E:= + wp)))
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Labwork 3: Logistic Regression (extras)

® Function to calculate single loss value:

(1 2)

f(wo, w1, w2) = —(yslog(wia;” + wazy™ + wo)+ (24)
(1 = y)log(1 — wiz{" — wya® — w))
® Therefore
di =—( yixz@) :
0 “’1%(1) - wﬂz@) + wo 25
= wlwgl) — wgl’z(?) — wy
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Labwork 3: Logistic Regression (extras)

® 3D gradient descent for linear regression weights wq, w;
® Step 1: Random initialization wy = 0,w; = 1, wy = 2

® Step 2: descent. ..

dL

L4 wo:wo—r*w
0

dL

e wlzwlvr*%
1

dL

= -
2

® Step 3: compute f(wp,wr,ws). Still big?
® Move to point (wo, w1, w2)

® Repeat Step 2
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