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Regression: Housing price prediction
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 fixed learning rate

J(w)
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Correct:

tmp_w =|w- “51 (w,b)

A
tmp_b=b — a%l (w,b)
w = tmp_w
b =tmp_b
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Simultaneous update

Incorrect

"\L tmp.w=w — “ﬁ J(w,b)

\J (W= tmp_w
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B MRARAUEMyY, AEEBTEIUER—MTAE BRAUER: fup(r) = wiz) + wezs + wszs + wazs + b
Bl w = [wi, w2, ws, ws| T = [x1, T2, T3, T4] WERAUERK: fwb( )=w-ZT
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5 Vectorization
fapH)=wW-X+b

) f = np.dot(w,x) + b
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J(w, b) should decrease
after every iteration

'(w, b) learn ng curve
(w, b) after 100 iterations
1; J(w, b) after 200 iterations

\ J(w, b) likely converged
by 400 iterations

objective: minJ(w,b)
w,b
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e sigmoid&#k: g(z) = 1+e 0<gl2)<1
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Squared error cost

1~y1_ ,
J(W,b) = EZ[E i (F0) = y @2

Z
=]_k
loss L(/"W,b( '(‘)) ,y(‘))
linear regression logistic regression
J w‘,b( )=w-x+b fap(X) = 1 + e-(W-i+h)
N N
(W, b) convex non-convex
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L(fv‘v‘,b(' (i)) ,y(i)) =

L(Fp(3@),y®@) = —y(‘)log(/ (% (1))) (1—y(‘))log( — fap(® (:)))

ify® = 1:
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Logistic loss function

( ) .
—log ( fwp,(X® if y(®
L(j‘\,v‘,b( (i)),y(i)) _ g(; w,b( )) y |
—log (1 - f@p(V)) ify® =0
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if y® =1
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As fun(: (i)) - 1then loss -0, fan (%)
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IEN{E(Z3EEYT)
A J(@,0) = — = 37y log(f5,(EY)) + (1 - y®) log(1 — f5,(ED)) + 5 X7, w)
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Neural network regularization
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Softmax regression

e’
— = P(y = 1|X
a1 e?1 4+ e%?2 4 .+ 4 2N (y 1X)
: o ZN )
ay = = P(y = N[%)

"~ e%1i+eZ 4+ e%N

Crossentropy loss r’—lmgq:zl ify=1

loss(ay, ..., an,y) = A 'lﬂgaz: ify =2

= logay ify=N

softmax WERME SRS RENE: ERSABNNE, REFBREASNTALE, MO HERSERANRE
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Clustering: Grouping customers
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Density estimation X1
X2
Training set: {x™),x®, .., x(M™} - _x= %1
Each example x; has n features X1 :
Xn

p(x) = p(xg;py,0D * p(x2; Uy, 02) * p(X3; us, 07) *

tr ot

p(xq = high temp) = 1/10

Xp: 3
n : p( n Un Jn) p(x, = high vibra) = 1/20
= l_[p(x-;uj,aj ) p(x1,%x1) = p(x1) * p(x3)
e 1 1 1
= e — I e—
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Demand Prediction
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Notation
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tensorflow

fEMsequential 5 HE R REGER

Bui

O

(OO

ding a neural network architecture

5’[1] 3[2] layer4
— —> layer_1 = Dense(units=3, activation="sigmoid

—> layer_2
—> model = Sequential([layer_1, layer_2])

Il) k

Dense(units=1, activation="sigmoid") &«
layer2

X = np.array([[2e0.0, 17.0],

200
120
425
212

[120.0, 5.0],
y [425.0, 20.0], 4x2

17 1 [212.0, 18.0])
5 0 +argets y = np.array([1,0,0,1])

model.compile(...) & more abeut +his next wezKl.
20| O Todel.fit(x,y)

F
18 ] —> model.predict(x_new) <

fEMAtensorflow RS HEMBENRED 1. F5ERE 2. EAIHERRRIRIFER 3. ))IREE

Train a Neural Network in TensorFlow

OO - O

301]

import tensorflow as tf
] o l from tensorflow.keras import Sequential |
from tensorflow.keras.layers import Dense
R

6 model = Sequential;[
k._.d:

5[2] §|3| Dense (units=25, activation='sigmoid’)

—p — Dense (units=15, activation='sigmoid’)
Dense (units=1, activation='sigmoid’)
¢ N =1

1 unit )]
from tensorflow.keras.losses import

15 units BinaryCrossentropy

0

25 units : =Bi
model.compile (loss BlnaryCrossentropy_(l) @
iven set of (x,y) examples i R ) s S & i

BERHBRHERS



FEABRIM, EHE—EnumpyRil, EFEERRETEIENM

= Forward prop in NumPy
X bm al'
— 2 — .
b def dense(a_in,W,b, g): def sequential(x):
w3 , bt % units = W.shape[1] [0,0,0] o (1) @ dense(x, W1, bl)
\—l a_out = np. zer*os(unlts) = dense(al, W2, b2)
[1I ._[ ] lll _[ Wit = [5] for j in range(units):0C, 1,2 a3 = a2, W3, b3)
2 PR -6 w=W:,j] a4 = dense(a3, W4, b4)
W = np.array([ z = np.dot(w,a_in) + b[j] f x = a4 <
11,/|-34| 5] a_out[j] = g(z2) return f_x
12,] |4, |[-61f1) 2 by 3 return a_out
pM=-1 pll=1 plM=2 .
i /
b = np.array([-1, 1, 2]) CGF"T“J W refets 10 a matn
alll =%
a_in = np.array([-2, 4])

BN

o LMBERE: g(2) =2
o sigmoidi®#, EEEERZ0)EEGRME_THXRM, RAHERNTEE, ARETREERER
o RelLUE#: g(z) = maxz(0, 2)

RILEZE
AdamELE(BRNFHEF )

YR ETRNARRIHEBIRARBE, BINFEIER; HSHREET, REFIE 1. SALEHE(torch.optim) 2. FRE
SHMIEFIRSANKES 3. EREEBRESRE

P ERE
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o HERE. BIEMREER E#HITEIRIHE, BHEEE =48
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Train/test procedure for linear
regression (with squared error cost)

Fit parameters by minimizing cost function J(w, b)

1 Mtrain 1 n
I S (3D — (D)2 z 2
zmtrain Zl (fw’b (X ; ) y [ ) + wJ ‘

= zmtrain

— .\ _ min
](W,b) _W,b

Compute test error: Meest "
(W,b) = (z® Y _,®
jtest w, 2 fW,b Xtest Vtest
test =1

Compute training error:
]train(w: b) -

Mtrain - - 2
S (e () = 550’

2 train

SRS AAGAE, RE, RRIEIEE, HARTX=IHIBEFENRPREBEFIER B R RIGEEELHREZ M
BE, EFRE, HERSISHRE

Training/cross validation/test set

Mtrain
« s — 1 =(1 i\ 2
Training error:  Jurqin(W,b) = z (fwp(x®) —y®)
2Mirgin —

Li=1
—

[Mcy
. ‘ 1 . N\ 2 r—
Cross validation W, b) = E (fW',b (:—('g})) _ )’c(:;)) (validation
: 2mey dev errc
error: n M)

[Mtest
Test error: Jtest(W, b) = - z (fw,b (qm ) o) )2‘

X — y

B REMS EFEIRE G

o BREGRME): NEENREZHS
s BAEMEIE): FENMARIIR, ERXRIWIEENMARES
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(W, b)

train (W, b)

degree of polynomial
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Learning curves i i

Jerain= training error \ /‘( A/

J.»= cross validation error

o
> >
t A A
X @B /‘\f //"" I
% / ]train (W, b)K A > AN >
> // !
> >

Merein (training set size)
=T W e e

=SREEG AAHENNESERE, FRENESNIIGEDFRARE T

High bias

1
K Jeo @, b)

fﬁa; (W, b)

error

human [evel
performance

| m (training set &?.ize)3 :

=5 EES EINEB S HNIGER RSB AR 5




High variance ,

N

;_ human level

S performance

-

& jtrain(WJ b)

m (traiﬁing set size)

BABRESHENSE
» Get more training examples fixes high variance
» Try smaller sets of features x, x*, %, X, ... fixes high variance
» Try getting additional features & fixes high bias
» Try adding polynomial features (x?,x2,x,x,,etc)  fixes high bias
' Try decreasing 1 ¢— |\"‘ — fixes high bias

» Try increasing 4 < _ fixes high variance
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Actual Class
1 O

—

True False
., 1) positive | positive
Predict 15 e

-ed

Class True

negative
10 70

\ N

25 Ff=J

False
negat Ve
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*EERNEMY, BLANBRLEC ETRNERYE, ATANERE CBE: o AR ool EHER
HEMREEWSMBELINTNER, PAMHLTESEIMER, SETEEERENREEMTEIMER, BAER
KHBE LISt B

o CRHXPRBABLREDEE, REHE

. BEDERREEE, REBEE
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p, = fraction of examples that
are cats

1.0 4
0.8 4
0.6 1
0.4 4
0.2 4

0.0 1

AT RN HER, SENSTATENENS

po =1 —p1H(p1) = —p1log2(p1) — polog2(po) = —p1log2(p1) — (1 — p1)log2(1 — p1)

BEFLRAERES FART RNBREEA S BIMBCEI (NS RN E), AT EAD X EERRFMURBETL I
MR, REBIEFREREAWIED

. SR e mmn _— -—-l----_-
Present Absent

H(0.5) =1 H(0.5) =1
=
@ ET®) @.'

_ @' N &Y 1Y

p1="/19=05

D)= E
H(05) =1

Pointy Floppy Round

&g @
@-’3 1@
@

pr=4c=08 p,=1f =02 p=47=057 py=1/3=033 pr=3/,=075 pr=2/g=033
H(0.8) =072 H(0.2) = O.Rg H(0.57) = 0.99 H(0.33) = 0.92 H(0.75) =081 H(0.33) =092
5 5 7 3 4 6
H(0.5) —(EH[O.B) +EH[0.2}) H(0.5) — (EH(U-WJ i’ EH(Q_gg)) H(0.5) - (EH(UJS) +EH{U‘33))
=0.28 =0.03 =0.12
pERTABERZNSH, wRTHEAHESLSHEFHNSH EEERITELAR:
H(p}™") — (w'" H(p{" + w"" H (p}ight))) :

RS NR— 3 RIFERT AEK N AT RERYME , ABATENIEEE I k1 R EEENE O 189 T B ER & i fth WM FHEEH
ATLARA0, 1RER * IRBEFLERAZMHFRT, BAKNEEZFRRSTERAESIBZHREREITIID
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Choosing a split

Variance at root Variance at root Variance at root
Ear node: 20.51 Face node: 20.51 node: 20.51
shape Shape
Pointy \F“’PPY Bound \:Ot FoRRd Present \bsent

FOY wew UN® gomg EO S
o wa O 9 e eww

Weights: 7.2, Weights: 8.8, 15, Weights: 7.2, 15, Weights: 8.8,9.2,11 Weights: 7.2, 8.8, Weights: 15, 7.6,
9.2,8.4,7.6,10.2 11, 18,20 8.4,7.6,10.2, 18, 20 9.2, 8.4 11, 10.2, 18, 20
Variance: 1.47 Variance: 21.87 Variance: 27.80 Variance: 1.37 Variance: 0.75 Variance: 23.32
_ i left _ 7 right _ 3 left _ 4 right _ 6
w]eft_S/m anht=5/10 w = /10 whight — /10 w = /10 whight — /10
5 5 (7 3 ) 2051—(_t075+—*2332)
=t it 2051 — [—=* 27.80 + — = 1.37 ’ : :
2051 — (254 1.47 + =+ 21.87) Th " 10 10

= 8.84 6»-' = 0.64 = 6.22
EAZ M RER(ERK)

ERZ N E—AHE#TTEIIFET, REILMINIRE, FIRGER Ha BIRFF(EREIRE) * EE A HIEEEmHETHEN
HEE, MEVFIERHME * FEI—NRRIES, MREHMIESEEERREABER * RIFF N BIEE IR AR RN

BEN AR EE

o IS MNREW, HBUNEHA—IEES(—RFEI1001R)
o FENMERKMFE, EXKMHEREIRERANE B mA R IENL 5 &z

XGBoost

o MIEBRHIFAEITLREVINNG, EEMI]EMAIELT
s REIEN, PG
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