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Multiple features (variables)

one = Sizein feet? (x) | Price ($) in 1000's (y)<—
deature 2104 400

1416 232

1534 315

852 178

fwp(x) =wx +b
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features (variables)

Number of Number of| Age of home | Price ($) in ' = ... L(—
bedrooms loors in years $1000’s J

Xa. A3 Xy =4

5 1 45 460
(=2 3 @ 40 | 232

3 2 30 315
2 1 36 178

x, = j'" feature

.n]_ = number of features .3(;(2) — [M 6 3 @ Lw]
« = features of i"" training example (2)
xj(‘) = value of feature ; in i*" training example X3 - 2
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Model:

Previously: f,,,(x) =wx +b

‘Fw'b()() = W1X1+W1X2_+ W3X3"' wL‘—XL(. + b
eXGUV\F\e

{W,b(x) _ o’l.)(l'l' 4 X, -HOX +—ZXL&+XO

N o] ’I\ ®
g\zg &b@d(‘dom "-H:'(:ro

baS&
oS Ym(S P(‘lce

fw,b(x) =wx, +wyx, + -+ w,x,+b
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fﬁzb(.;?) =wyx; +Wwyx, + - +w,x, +b

@ ® R
o | W Z[W:L Wa_ LL}B e W,A POlf‘aMe"l’er
b i Rumber of the model|
N.A
veetor =\ 0y X, X “'m
® o

fW,b&) = V_)V'l“?( + b = wi)(i + WLX7~+ W3X3  ece +Uur\x¥\+ b
dot product  myitiple linear regression

(net mylHivariate reg ressiof\)
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Parameters and features Without vectorization

w=[w w, wz] n=>3 = é—a':l...v\
b is @a number w,p (X szXj +b = 5 3
Xx=[x1 X, X3] NumP N&: = (,2,
linear algebra: count from 1 y {‘0\"36(0, Y\) -> J =0,..N-1

wie)  wi] w2l

w = np.array([1.0,2.5,-3.3]) £=0 V‘GW\SQ(Y\)
b 4 x[el k(1] %2} Ofor j in range(0,n):

X = np.array([10,20,30]) £f=f + w[j] * x[]]
f=f+Db

code: count from 0O

Without vectorization n= 100,000 Vectorization

fwp G = wyxg +wyx, + wyxs + b wpr() =W-X+b

f = w[0] * x[0] +
wl[l] * x[1] + f = np.dot(w,x) + b

w[2] * x[2] + b
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Without vectorization Vectorization

for j in range(0,16): np.dot (w, x)

f=f+ w[j] * x[]]

t

to 0 w[O0] w[l] w[l5]

£ + w[0] * x[0] nparallel * * *
t
! f + w[l] * x[1] x[0] x[1] x[15]
; w[0] *x[O0] wl[l]*x[1] |+..+| w[15]*x[15]
15

f + w[l5] * x[15]
efficient — scale to large datasets
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Gradient descent w=W W, - W) 7 parametens
dCP{VM—ﬁ ves (_i) = ( d1 d2 cee d16)

w np.array([0.5, 1.3, .. 3.4])

d np.arra 0.3, 0.2, .. 0.4
= y(l . learning rolle A

compute w; =w; —0.1d; forj=1..16

Without vectorization With vectorization
w; =w; —0.1d, wW=w —0.1d
: O.| ¥ A\ ] 5 |
Wig = Wi — 0.1d44 \'/:/‘/y\
for j in range(0,16): w=w-0.1%*d 1D

w[j] = w[Jj] - 0.1 * d[]]
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Previous notation Vector notation

vector of lenath
Parameters Wy, , Wy Tl oWy 9tnn
o’ b s+ill a number
Model W,b(i) =WwiXq + "'+ann+b Tv,b(?() =V_)V7'\?(+b
dvec
Cost function  J(wy, -, wy, b) @b) dot pro 1
. - )
Gradient descent
repeat { repeat{
W;j =Wj—aaiwj](311’...,wﬁl,b) -—a—]@ b)
b:b_a%](zvli"'iwnjb) b_b—aab]@b)
} }
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Gradient descent

’ One feature n features (n > 2)
repea
P. — . lrepeat{ e
w=w-—a Z(fw,b.(x(i)) = YO ® )V "y = wa — D (Fn(G9) = ) 10

=1 =1

: L—e 52 J (W, b)
a @
L-;« 3w (W, b) j=n

o = E(fm(*@) y0) 0
(] m
1 : . g — (v (@)
eS| et S

S|multaneously update
simultaneously update w, b w; (for j =1,-+,n) and b

} }
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An alternative to gradient descent

—>Normal equation
* Only for linear regression
« Solve for w, b without
iterations

Disadvantages

 Doesn’t generalize to other
learning algorithms.

« Slow when number of features
is large (> 10,000)

Stanford onune @ Deeplearning.Al

What you need to know

Normal equation method may
be used in machine learning
libraries that implement linear
regression.

Gradient descent is the
recommended method for
finding parameters w,b

Andrew Ng



Stanford Practical Tips for
Linear Regression

Deeplearning.Al

Feature Scaling
Part 1




Feature and parameter values

— N + b x,: size (feet?) x,: # bedrooms
price = Wl’i} szf range: 300 — 2,000 range:0 —>5
size #bedrooms ° % small
House: x, = 2000, x, =5, price =.$500k one +rajning example
size of the parameters w,, w,?
w; =50, w,=0.1, b =50 w; =0.1, w, =50, bh=50
small large
——— 9 ®
price = 50 * 2000,+ 0.1 * 5 + 50, price = 0.1* 2000k + 50 * 5 + 50
l00,000K 0.5k 50K 200K 250K 50K
price = $100,050.5k =$100,050,500 | price = $500k more reasonable
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Feature size and parameter size

size of feature x; | size of parameter w;

size in feet? e S
#bedrooms e C——ly
Features Parameters
w, b
A ch’H@PP‘O"' lOO‘A' ® ]( )
Contoul Pl 0“'
X2 W)
# bedrooms # bedrooms
5 1 ° PP I I lo—-
> —_— : >
300 2000 o 1
1, size in feet? w; size in feet?
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Feature size

Features
A
Xy ch’f‘fepplo*
# bedrooms
5-- I."'-.:..”l>
>) - \
300 = 2000
A C1Sizein feet? ®
X5 = ®
# bedrooms . : ©
rescaled
0 [ ]
] P
.o ‘
0 x4 Sizein feet? :
@  rescaled O

Stanford onuine

\o0 N

W3
# bedrooms

104

W»
# bedrooms
rescaled

(o]

Parameters

and gradient descent

Contowr p, ot

A
w; size in feet?

@

w; size in feet?
rescaled

J(w,b)

J(w,b)

@& Deeplearning.Al
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Feature scaling

A
X2
# bedrooms 300 < x, <2000 0<x,<5
5-' ..‘-..:c"d) N \
© ' x, Sizein '
300 feet? 2000 _ X1 _ X2
X1,scaled = 2000 X2 scaled = ?
1_A maX_ m aX
X2 ) A ’ ()
# bedrooms '
rescaled o @ 0.15 < X1,scaled =1 0= X2,scaled =1
0 4
0O |
0  x;sizein '
feet’rescaled
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Mean normalization

A
Mp=2-3 average 300 < v, <2000
X
# bedri)oms = éC)O Z
= —.. ° P 'Q
o 4T p = 1T H
300 size 2050 17 2000—300
A in feet? MmaX-yhin
X2 Al
# bedrooms
normagzed, | | —0.18 < x, < 0.82
—_—
AN R 2 x, sizein feet?
normalized
-1

Stanford onwuine

2 — U

5-0
maX—min

Xz—
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Z-score normalization

3"‘ standard deviation o
M= 2 300<x, <2000 O0<x <5
edrooms]
L_;s q ° ® o . o
o —_— sz U x2:x2 H2
e Zéo “ooe inlfeet2 ' 01 %2
B'A_ Xy
. #bedrqoms
. |, normalized —0.67<x, <31 -1.6<x,<19
_.3': ° - o —_
o9 o >y, sizein feet?
normalized
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Feature scaling

aim for about —1 < x <1 for each feature X;

—3<x =<3 } acceptable ranges

—-03<x <03
0<x <3 ORay Mo resealing
—2<x,<0.5 Ol(otﬂ,no r‘cScade
—~100 < x, <100 too large 2 rescale
—0.001 < x, <0.001 too small 2 rescale
98.6 < x- <105 +oo lange = regcale
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Gradient descent
0
Wy = w; ~@g,- (W, b)
J

0
b =b~@xJ(W,b)
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Make sure gradient descent is working correctly

J(w, b) should decrease
after every iteration

learning curve
J(w, b) after 100 iterations

J(w, b) after 200 iterations

J(w, b) likely converged
by 400 iterations

o & o

objective: min J(w, b)
w,b

J(W,b)|®

400 o
_wb

0 100 200 300
—= # iterations

# iterations needed varies 30 |,cdp 00,000

Stanford onune @ Deeplearning.Al

Automatic convergence test

Let ¢ “epsilon” be 1072,
0.001

If J(w,b) decreases by < ¢
in one iteration,
declare convergence.

(found parameters w, b
to get close to
global minimum)

Andrew Ng
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Identify problem with gradient descent ° % or learning rate is too

AN A\ «istoolarge ’ large
_ |
J(w,b) J(w,b) Wy =Wy ‘_"ad1 ~
use a minus sign
> ) ) > wy =w; —ady 1|
# iterations # iterations N

Adjust learning rate

a is too big Use smaller a With a small enough «,
AN A J(w, b) should decrease
/ on every iteration
J(w,b) < —— J(w,b) If o is too small,

gradient descent takes
a lot more iterations to

) ) converge
—> parameter wy parameter wy
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Values of « to try:
® @

... 0.001 0,003 0.010.03% 0.1 0.3 1..
~ | . ~7 A7 A

3A  RX3x  3X R3Xx 3X =®3X

N \_o(,zo,oa:l_ A o Foosmall
@b \/ L=0.01 . ﬁ@ o too Li3
) S Jb) A_just night
# iterations # iterations
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Feature engineering

fv_v’,b(?() =Wy X+ sz&/"‘ b

’anfagc Ole-P’H\

area = frontage X depth

X3 = X1X> Feature engineering:
Using intuition to design
A
new teature new features, by
. transforming or combining
fwb ) = WXy + WoXy + W3Xs + b original features.
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Polynomial regression

|fV_)V,b(x) — W1X + szz + W3x3 + b

AN\
N 0 N 2 4\ 3
\ @3z size size
\ 1__ |03 1- lOb 1- ‘Oq

price y |

'Fcoch;fe scq(u‘v\j

— > Size x

Stanford onuine @& Deeplearning.Al Andrew Ng



Choice of features

(X | fap() = wix + woyx+b |
\\ A~ N

\ Size slze
1

price y

what features +o U\se?
(S conrse 2.

- size x

Stanford onuine @& Deeplearning.Al Andrew Ng



