Recall Task:

Predicting house prices




How much is my house worth?

| want to list
my house
for sale
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How much is my house worth?
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Look at recent sales in my neighborhood

« How much did they sell for?
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Regression fundamentals:

data, model, task




Data inout  output

A oL
(x, = sq.ft,y;=9S)

(X, = sq.ft,y, = S)
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Data inout  output

/L

= sq.ft,y,=9)

= sq.ft, yz = 9)

Input vs. Output:

=sq.ft., y, = 9)

e yis the quantity of interest
 assumey can be predicted from x
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Model -
How we assume the world works
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Model -
How we assume the world works

“Essentially, all models are

wrong, but some are useful.”
George Box, 1987.

square feet (sqg.ft.) X
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Task 1—

Which model f(x)?
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sq.ft. X
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Task 2 — For a given model f(x),
estimate function f(x) from data

e Lara®
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>
square feet (sqg.ft.) X
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Feature
extraction

Quality
metric
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Simple linear regression
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Simple linear regression model

)

f(x) = wy+w, x

>
square feet (sqg.ft.) X

Machine Learning Specialization
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Simple linear regression model

\/

parameters: °

Oy | regression coefficients
0
o o
>
square feet (sq.ft.) X
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Fitting a line to data




Quality
metric
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“Cost” of using a given line

Y 4 Residual sum of squares (RSS)

o
RSS(WOIW]_) =
(Shouse 1 [WO+Wlsq'ft'house 1])2
Q + ($house 2" [WO+Wlsq'ft'house 2])2
("""w"gl'ﬂl\) + (Shouse 3" [WO+Wlsq'ft'house 3])2
+ ...[include all training houses]

Pe—S
>

square feet (sqg.ft.) X

price (S)

Machine Learning Specialization
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“Cost” of using a given line

Y 4 Residual sum of squares (RSS)

price (S)

Yere,

a;_ < (Y“‘-[w"‘ U’nx.i.])l

>
square feet (sqg.ft.) X

Machine Learning Specialization
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Find “best” line

price (S)

Y 4 Minimize cost over all

possible w,,w;

\

RSS(W0=1.1,\/§£1=0.8):1£3
XYL
RSS(w,=0.98,w,=0.87)

RSS(w,,w,) =
——RSS(Wy=0.97,w,;=0.85)=4 [
N D S RASIE

square feet (sqg.ft.) X i=1
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The fitted line: use + interpretation
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Model vs. fitted line

AP 2 b

Y1 ﬂx)=v“vo+v“v1x

Regression model:
Yi = Wo+W, X; + €
parametrss ( unknow n vaﬁablu)

Est|mateq parameters:
W, Wi

l:ak‘}a/&:‘”d values

>
square feet (sqg.ft.) X
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Seller:
Predicting your house price

Y1 ?’ﬂx)=v“vo+v“v1x

Regression model:
\"‘J
S Yi = Wo+W, X, + &

price (S)

®  Best guess of your
house price:

= Wg+ W, Sq.ft., 0 ce
>
X
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Buyer:
Predicting size of house

price

31

A
y ﬂx)=v“vo+v“v1x

Regression model:
Yi = WotWy X + &

Best guess of size of
house you can afford:

-,
= W, + W, sq.ft.
D) 0 159

b >

square feet (sq.ft.) ‘\)\ /
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A concrete example

yA

flx) = -44850 + 280.76 x
O

\\ " Predict $ of 2,640 sq.ft. house:

{= -44850 + 280.76 * 2,640
= $696,356

Predict sqg.ft. of $859.000 sale:
(859000+44850)/ 280.76

>
square feet (sq.ft.) X = 3,219 sq.ft.
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Interpreting the coefficients

Y1 y=+ W, X

Predicted S

A

wn .

\q-)’ of house with = Wo.

IS sq.ft.=0 when X=0
ol

(just land)

not Very  meani nﬁ-Fu_,

>
square feet (sqg.ft.) X
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Interpreting the coefficients

y? )“/=v“vo+@x

A A
$W\ 51;‘.._ $\oco sq.£4.

predicted
change in §
? = Gfw B+ 10061 sq.A.
- (6/0* , 1000 sq.¢.)
1 sq. ft. = W,
>  padicved chonge in dhe oukput
square feet (sq.ft.) X per unik “change i inpuok
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Interpreting the coefficients

Y1 )“/=v“vo+@x
O

predicted
change in §

Warning: magnitude depends
on units of both

features and observations

square feet (sqg.ft.) X
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A concrete example

yA

price (S)

flx) = -$44,850 + 280.76 ($/sq.ft.) x

O
\\ " Predict $ of 2,640 sq.ft. house:

-$44,850 + 280.76 ($/sq.ft.) * 2,640 sq.ft.

e - B = §696,356
0’&%/ Predict sq.ft. of $859,000 sale:

($859,000+544,850)/ 280.76 ($/sq.ft.)

>
square feet (sq.ft.) X = 3,219 sq.ft.
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A concrete example

Y1 %) = -$44,850 + 280.76 ($/sq.ft.) X

™

But what if;

- House was measured in
square meters?

- Price was measured in RMB?

price (S)

>
square feet (sq.ft.) X
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Algorithms for fitting the model
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Find “best” line

Y 4 Minimize cost over all

price (S)

possible Wo, W,

\

RSS(w,=1.1,w,=0.8)

RSS(w,=0.98,w,=0.87)

. Reeall :

—— RSS(w,=0.97,w,=0.85)

>

square feet (sq.ft.)
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RSS(wg,w,) =
N

>y wo+w,x])?

=1
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Minimizing the cost

3D plot of RSS with tangent plane at minimum
8
7
6

;"% Minimize function
° over all possible wy,w,

lels

N
. min E (y;-[wo+w,x])?
200, i 77

RSS(wg,w,) is a function

—1500009 gpoo
Q0500000 | 500000100058° _
w0 — 2% of 2 variables = %(w.,,w.)
0 ©2015 Emily Fox & Carlos Guestrin Machine Learning Specialization
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An aside on optimization
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Convex/concave functions

A CONCAVE CONVEX
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Finding the max or min
analytically

CONCAVE CONVEX

VK‘VL

— du'Zp Example:
'“:,x?)('”) min a(w)
g(w) = 5-(w-10)2
. NEITHER 0 ey
wtw?f’ *\“ Joru e 4o8) - 0 2 (w-10Y - |

X |
«,, Z ~“2w+720
Set derivake = 0
~2w+20=0
w= |0
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Finding the max
via hill climbing

saciver0
rdl’ v

How do we Wnow whethesr €0 move
W % n he or left 7 .
( wne. or dec. +he value of w,)

while not me.rﬁec\

o’ W/‘? 1 éf'{u?-)
A

it&faf\m %{er'\ 22
X
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Finding the min
via hill descent

e

27
cw=p : i

52

When derivakive is postive, we
wany ‘o decreosse w

and when desivakive TS negative,
LWe waine @ WnieaSe Ww

Algorithm:

while not conyerged
wt+l) & W(t)@n dg

dw wit

©2015 Emily Fox & Carlos Guestrin
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Choosing the stepsize—
Fixed stepsize
' 1

1= 0.\
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Choosing the stepsize—

Decreasing stepsize
or Shep$ite schedule

Common choices:

e =

A
-
e s
T
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Convergence criteria

For convex functions,
optimum occurs when

dgle) _
3w =0
In practice, stop when

3] <
i

©2015 Emily Fox & Carlos Guestrin

Algorithm:

while not converged

wt+l) & Wit - n dg
dw



Moving to multiple dimensions:
Gradients

3D plot of RSS with tangent plane at minimum
w
83 3 1
: .
;P RS f*") -dimengional
C Vew= | v
: gw) = |,
: ro ] &
800
600 g (DA-\wk [¥o, ., ,‘UA
400 )
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Gradient example

3D plot of RSS with tangent plane at minimum

7
6
3
2
; gﬁw_°= 5 + 10w,
800
600 a
- IOU’o + uw‘
T
_ 54 10w
1500009000000500000 5000007 0000¢H° vg(W) = 0 'L} IK
W+ Hw),

w0
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Contour plots
;,r)»" eye view

Yy

3D plot of RSS with tangent plane at minimum
Contour plot corresponding to 3D plot of RSS

[=+]
lel6

oo N N ‘

N \ )
0 500000

L
—1000000 l —500000

6 slice of the

B Swr face
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wl

2003
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Gradient descent

600 -

400

200

Contour plot corresponding to 3D plot of RSS

iR

Algorithm:

while not converged
w1 & wit - nV g(

-1000000

L
-500000

S R R
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Finding the least squares line
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Find “best” line

Y 4 Minimize cost over all
possible wy,w,

N
min D (yi-[worw,x])?
Wy, Wy i=1

CONVEX [EERES
+ 3"037"'{' deScanc

> :
square feet (sq.ft.) X “‘5&'"':“:?:/3@_

price (S)
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