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Lecture 02: Linear Regression
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« The ETA (Estimated Time of Arrival) Problem
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Bl EhARITEIFEG

« The ETA (Estimated Time of Arrival) Problem

< =

a2 >

d
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tae=F>

° :{%%ﬁj:gigj:ﬁ%*%ﬁgﬂgﬁ*% “Learning is any process by which a system
13 —_— LA W N f f . L
» (ERZIRALH THERT ST (2%;%%’% °g%mq§}”:e r;"%,%ﬁ;?%?%: |
t S A=/25%R
s THMESE LR ZEE M. BIREEE, B

We define machine learning as a set of methods that can automatically detect patterns in
data, and then use the uncovered patterns to predict future data, or to perform other kinds

of decision making under uncertainty (such as planning how to win a game).

— {Machine Learning: A probabilistic perspective)

Learning from Data

AT R B )
oaa | MO L s “RE B3 B
. BB




ERFIEE: @A, B8 (®mR) .

JEE

leen (input)
HEARRIWER (s, WE, ERFS, ...)
F RIS (TR, BlRA, SUREFEICR, -.)

. Hypothe5|s (model)
- RENIRAMFEAB BT A L BRYXER
 REN HZERBR—FKIE/2HmEVER
o« REIETLUMMAHA?
- ElgoE: dARER > REEE
o MADHE: B > BEEARENES
- BaiE: FEBEMEREUEEXREIEG > SFERERESHK

. Inference (estimate, predict)

- [FRAFERNBAZES (HiT) R=EEISE
- IRIE (Fr) HEAREAFuNE LS

I‘¢




tae=F>

predictor (FilI=E)

input (EIAN)  =— —  output (}1)

« I BEE—mEE B0 —MaF/ BR)
- . BURF{ESSEE! (task-dependent)

M2 SHERUAR LR A BT A




NERFIBPHE

. BIEEE>) (supervised learning)
- FIREPRIHATERE, BHmBR

o EEA-IRENIEEEP, HEERRFREAREMREY
. E.g., [EIFF0ZE
o ToE=F> (unsupervised learning)
- FEEEFRINANRERE, KBREETR
. WREREEIEES, R B AIEIENERIREIGM. ETEDR
. Eg. R B BEMGIT. XBEANIZHE
. 5@¢=> (reinforcement learning)
. SERKNERE, BIIERMAIZRREAMNES). RERKREE

o U ERIMESINERIIARTIRC EIET, RIERMEVESIES,
BFH—E&MITIRE, MUEKURTIE

. Eg. AlphaGo (S¥&-Eisiigs)

. BIRE=> (self-supervised Iearnmg) | g — x
. B EREE (ACREES) HTERES (vodel | <[y

- KIESEETZGE SR8 NS F I &AM A

Unsupervised clustering
Centroid ]

Ideal decision boundary




NERFIBPHE

Meaningful
Compression

Structure Image

Di e Customer Retention
Iscovery Classification

Big data Dimensionality Feature Idenity Fraud

isualistai . Classification Diagnostics
Visualistaion Reduction Elicitation Detection g

Advertising Popularity
Prediction

Learning Learning Weather

Forecasting
L
M ac h I n e Population

Growth
Prediction

Recommender Unsupervised SuperViSEd

Systems

Clustering Regression
Targetted

Marketing Market

Forecasting

Customer

S | carning

Estimating
life expectancy

Real-time decisions Game Al

Reinforcement
Learning

Robot Navigation Skill Acquisition

Learning Tasks



BE23): [O]YJ[ER Regression

predictor FulIzs)

input (EIN) . —r response (JZELENT L)

R XTI DEER — K- =848

EEMETTN: BEER — N1

ZIARIEFN: BV, XS, HARIE — SR EARE]




Wesmass]: 9¥a)ER Classification

predictor (Fll=F)

ERERI: (SRR3E5Z — EUFEEERE

BEeEl: E%Tie > BEEkEs

FEHFHRA #FE& —0, 1, 2, ..




mEF: @7 vs 93K

A

- —

FA%A0

5P RIREXBIRTA?

HEELSRYEME (A0 8. EXATE)

. IRAYEIL

HEBE RIS (W BRE/ARERE. 0~9)

1
Regression /

Classification

10



Weswass]. E(kFmn) Structured Prediction

predictor (FilI=S)

input (3IAN)  =— —  output (EIH—1ERETR)

HEsElE: IS — PN
XJ1E: MIEBSE — &g

ElgmALERk: B — mdEERINSF

ElgoE: BiR — pEIER

11



BHELINHIE

- 17665, IREHT-RIEEE (Titius-Bode law) F T XESAK
S22 HFE—EITE.

- 1801F1B1H, KXEHRKRIFF(Piazz)E/MNaI T A®HE, H
A4 K FSERE T BRIERT,

Time Right ascension Declination
Jan 01, 20:43:17.8 50.91 15.24
£ Jan 02, 20:39:04.6 50.84 15.30
Johann Daniel Titius Feb 11, 18:11:582  53.51 18.43

Gi .___. | When and where will Ceres be observed again?
luseppe Piazzi

Johann Elert Bode

12


https://en.wikipedia.org/wiki/Johann_Daniel_Titius
https://en.wikipedia.org/wiki/Johann_Elert_Bode

BHELINHIE

» 18015
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12459
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, 2AZHYRIR-FBE

R \T/5

aiUNg l:ﬂElﬂ_JﬂiH TR AR

/N _3fE &,
AT RAINESE, SRS ‘|‘

=

H 7 B ERYEN

o BET AR T —HFETHYAIE

g,

Method:

e EIYE)

least squares linear regression
(F />

et II;.‘.'
[ If 0P |
P gt "\
7 = I o BN
e o ; N
T EN >._§..,_:_; 0k e N
e A i e,
A / p:. - \ b N, o o
. Moozt n) Pt L i
| P \ """" e
\\I - hah, " II " !
; | .r"I-w.«
5 IR
N N . /i’ ¥4
2N : 2l /
Nl e a / b
Ny ks e,
. 3 B . Py




#%m]!3 Linear Regression: {E52

- (RN
- {Ri&ZE (Hypothesis Class)
- ERHARRIRE (RETEN) KIUSEUE?
« 3RELRAEN (Loss Function)
o HFAERREEIANE TRy ?
. &L (Optimization Algorithm)
« Bl JUaI R SR AR EL?

ining da
input
T y l
EEEEE ple
1 1 | lgorithm !' predict
example 2. 3 it
mple 4 3 l
2.71 output
i |
3 o .
= 2
1 @
0 .
o 1 2 3 4 5

14



#ZZ1%[o])3 Linear Regression: HEZS
{FriszE IR EREY VLA
%1% ¥5 =
[o])3 AES T
ZInz )3 yolap/¥ed: BEH AR
FERHIRK? ThEx

15



S &S

- fRBY: FefiIxgtH

Riz17 A RIR

&% 5 ZIERJFRHERE

'JEM*;i
, =0
. ,\*E
A . FNE
c L IRE Ty -

- Rk FrisimaEENES (BIANBA

IR HERELERS &Eﬂ "t RIK,

24

AYBRETERZY )
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B gk

- FIIE: MERIRE FEEEERR | EEE)IGEELR

XIBE (Risk) &ML
« =FPXBE Risks

« ZUGIXEE (Empirical Risk)

- R SENIGEUESE LREYTIIRE (BiRKR)
- HAEEXIBS (Expected Risk)

- REERMETEERY. RIERIEEREHFAN LAVHAETTIIRZE.
« ZEKIXBE (Structural Risk)

- BEERFIREES ZERL LTS,




JIISREE vs IGNESE

IFEE vs iliztEE

» )58

Al

/|IIII'

« IGUFE

P JIKEE

REGESEL. ERE,
« NE5SHE,

- FISRfEHEE
- REEREISE I, BEMIET 2 ISR,

24

- AREFIREISE
o 1REENEITI)I|ERE

IEER AR

s FRYIRKEREN, RMUEEEFHZZL

BI=;

RAMREESIMIE. iUS.

& FHYESEZ (IR,

/
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RYIS vs IS

-ML)lA (underfitting)

BUE (overflttmg)

{i5) , BENIE
FRI 7L

/

I__._||:

ARYESCANE

tRE

. IEREL BT =FENL
FEEFNNNAEE FRORIMERRE.
& FRINEYT (218

1734

-/, \§

L -

</}Z1ti%,5\ti%f)u_%“’“§ﬁ’9f)”é‘ko 1=EY
LS T

\SZ

ey EER:
—:«f-f ]1-

e “-_',_-.'."--I'.r_';:n -
. - fi oAl e R
e —> A et
o (PR EA 4 & 64 45 2 i

(iZIA A atet oo AA 4R )

uJI-;

115 B

‘

EPRIEES,

AHIAL

X\ f& 1R

Z NI
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S ZelEm]3rREs

=1+057

=2+0.2

= 1+t 2
BRESE/SHAE: = 1, >
FHIERENES =1, (FUEEE)

*E’T”%j_- :
BRI =

20



Z$Mm])q: fEZL

FPES

%
[a])3

ZInz\[0])3

AR ]

T
LS

ot 4it
TR

e EE

B
ToBE

et
TBEE

21



HIETESE: AERIHIE

* Mz IEREURTMESR, SRISTIREENIG S HYA RS AT NIES.

e ERE
miEEE / SEEHE
N
R (Ek)
one-hot &3

EREERE HE=E

GBDT (Xgboost) A&

PCA
s < on

22
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£ 1%0])3 or Slkz\[m]!)3?

YA

Simple linear model

YA

Polynomial model

Raw Data
—— 3rd Order Polynomial Fit
~—— 5th Order Polynomial Fit
9th Order Polynomial Fit

(=]
NP
B

24



ZIREUAHIE

o(z) = [1, =, 3:2]

Example: ¢(3) = [1,3,9]

f(x) =[2,1,-0.2] - ¢(x) i
f(z) = [4,-1,0.1] - ¢(z) 3
f(z) = - p(z) 2y 3
F = {fw(z)=w-¢(z) : w € R?} ;

0

HE  AEdEkik

25



P ERENHIE

Pplel=Nl<e<lIl<g<2 I2<e<3 1<z <4, 14 < g < §

Example: $(2.3) = [0,0,1,0, 0]

flz) = [1,2,4,4,3] - ¢(z)

~ -
fiz) = [4,3,3,2;1.5] - ¢(x) 1 B
F ={fw(z) =w-¢(z) : w € R} 5 .
0 1 - 3 4 5
1

B8 1 2%\ =2 (8] R E RIA GE 7138 RV AE L M T 2%

26



B RHEAELSEAYHIE

o(z) = [1, 2,2, cos(3z)

Example: ¢(2) = [1,2,4,0.96]

4
f(x) =[1,1,-0.1,1] - ¢(z) 3
f(x) =[3,-1,0.1,0.5] - ¢(z) =
F ={fw(z) =w-¢(z) : w € R*} ;




AR e HRE

* 25t

FRILTEMRER ?

- JE NF . ZiE, WF A—EZlE

= o+ 1 ZHEE
= ot 1 *+ 12: ot 1 22%1‘%1:%@&

= o+ 1 o+ 5 JEEHER (e )

-‘@’ Key idea: non-linearity

e Expressivity: score w - ¢(x) can be a non-linear function of x

e Efficiency: score w - ¢(x) always a linear function of w

28
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A—TEZIE

* SPEHESR NRVARZ IS
- [B]13: IS IETRNES

- 0% ERIERRIBR

» IRZRMEIFIERYSREY . ZSTTURHE. DERFESIES
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JRAEREN

- L3RS (Squared Loss) : = _ 2
- I975iR%Z (Mean Squared Error) : =1 _ _ 2

\ 4

\ O . . / = Iy = —
eI RE?
D — = e
0 1 2 3 4 5
. . _ Loss(1,1,[1,0.57]) = ([1,0.57] - [1,1] — 1)? = 0.32
. '1,“2%:\7,!‘& ¢|§<: 11, 23, 43 Loss(2,3, [1,0.57])) = ([1,0.57] - [1,2] — 3)% = 0.74
. %5’5& : 1’057 ’ 1’ : Loss(4, 3, [1,0.57]) = ([1,0.57] - [1,4] — 3)? = 0.08
* TrainLoss =§ 1,057 -11-1%+ 1057 -12-3°%+ 1057 -14-3°72
= 0.38

31



FRAREREN
AERE b

= = AL 4
S/IMUIRETES
: - . 1 ,
min TrainLoss = min B
train
train
100
100 "
S 80
=R L
% 40
2 40
= 20
& 05" 20

w2

32



IRARERZIRIERERZ TV

TrainLoss =
train
_ 1
train
1
train
x A-
s
all observations
(# — ) I
\.

2
train
2
train
e X X
= .................... 3 x
~_ —
all features

33
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FRIRK vs BIHRK

- SERIRAE T LB R T
 FHRAR—IICERIORE, WhESEAS,

* SRR R KRR ZbENNSE ERYAET]
» SEXHERKIAELL, FHRKREIE XIEK,

ESPE, FHRESESHTER

|/I

* WNERFA MR RAFRIEFEIRMEED T, IBAFHIREIMEER

HAEAERAIARELT (MLE) RIZSRMEHIL.




B MR W

- RIRFEREI (W) )
= + =

 H—2 R -~

y




RIMCERRERBIERFEE

- BAIRTE

argmax , = argmax

o XNJEULIIARRIZY :

argmax In , = argmaxin
_ 2
1 - P 5 R 2
p— N 2 2
argmax In\/z_
2
= argmin -

. R RAORA AT —> BIMCTR R




IENIHE

- FhIEI e, IRESRERZICEE

* AR

- MEs/IML

« ERARIENLILE €, 1
¢ Ell—-E)n\M'tZ
« SIENI{L:

2 +

ENI{EFD €, ¢

1

2
2

HFRAIL

ENMCIV A3

.
-
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%
[a])3
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At 4%
EHRR?
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B
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et
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[ElpR: "/ U1ERES

- CONCAVE
- TSRS, BEESEITA,
UiZAEINS B R AES.

- CONVEX
- TSR, BEESEIEA,
UiZAEI SRR MERS.

- NEITHER

- SR (FFE) TENEE
BX/IMER

40



[lkk: FIREE LAREXE

* 58 L PRIIA, K (step size)

« = (——=>0)

t+1 — ot 4,99

M (——<0)

t+1 — ot 4 99

41



[lER: FIREEE FEkaIVE

* 58 L PRIIA, K (step size)

o« M ( <0)
t+1 — t _ .99

- &l ( >0)
. t+1 — t _ 99
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UHAIRACIRREREY

 KERESEHER:. &IMIRK
- BB 1Bl RS ER IRAV TS
BETREE

- - TrainLoss
:stepsize . FHK/FIR
TrainLoss : #E

\d‘~
5%

ar 9N

-8 Algorithm: gradient descent

"
P
£"

Initialize w = [0, ..., 0] s V)
100 e T —
Fort=1,...,T: epochs 975 050 g3

W w— 17 Vg lrainLoss(w)
S " 7

step size gradient




S 1\
SPFIBSES

R,
. Adag rad

 Adam

e
)

[:T:':___\

ER

\ 4
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SR

- K2

o 1J7J\?

IUPN

SE R JTK, BENEIES

IME. EREE

NS

137\
=Sk 0/, BETRESE

=,
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SicitiE

» BAAVKER: 1BXE vs BT
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L/

s NTF LIRS, SHEAT (1 =0) IREIRE

* E3LPRF

3, 1)l

2 LIERISRAG -

. TrainLoss <
o« IRBIERIEREENZLE;
o IWIFEE FRUMBEAREIRT

- BIfEICUESS Cini=igtn (RISIHRR, HHEERS) | NREEETRIREHE,

{=157)1145.

8
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AECHEREY

s TR ERE AT RER &5
* TRICERE

sE20)

AT A

E T ERIEER:

BER=UN ]

\,
2 1

AR IR ASE)

Initial Point A

BER=UM

Local Minimum A |

Initial Point B |

Local Minimum B |
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ZHERE

[ dTrainloss |

dw1

dTrainloss

Vw IrainLoss(w) = dwz

dT ra.mLoss

dwd

3D plot of RSS with tangent plane at minimum

—-150000Q!¢
QOOUOQQSooooo 0 5000005005590

*%JE/_\EE_/l\ rI:T.I % /

5/\’

E xll/\

T EFUERNESE, EawEIL,

SR NES = 1,

81 %H (EIJT%FHEEI’MN\E)
#HENETEY NRSE, X
SIS EMFIETEINEEL

*yggﬁ% — 1 2

g(w) = 5wy + 10wy w, + 2w7,

Vg(w)?
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ZHERE

600

400

wl

200 k.

-200

-1000000 | -500000 0

500000
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SRIEOFRTKER: HEIREA0

* argmin TrainLoss = argmin y — y —
train
= argmin — —
RSS(w)  residual sum of squares (RSS)
X - - k=
RSS = — —

III
N
S
|

51



SelEmlIRTKREE: BBEREA0

CSSHR0, XBBIET  EEER.
-2 - = FEABE L7

all
features
S ¥

w_ _J
Y

all
observations

H =

52



SEIEDARIKER: #BE T hE

FRICERIEY - .
TrainLoss =
train o
o (EEFHETLAN: .
TrainLoss =
train
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SEIEDARIKER: #BE T hE

. —MBIF

training data Dyrain 1

SN =R

TrainLoss = 2
train

=

) train

BEEH =01

Lo W =
T

200

Vw TrainLoss(w) w
[0.0]

‘1(2[ 0,0]-[1,1] = 1)[1,1] + 2([0,0] - [1,2] — 3)[1,2] + 2([0,0] - [1,4] — 3)[1.4])
5 (& | ! : : 0.47,1.27

=[-4.67,-12.67]

o
Lol =

(2(047,1.27] - [1,1] = )[1,1] + 2047, 1.27) - [1,2) - 3)[1.2] + 2047127 (LA - DA
0.25.0.5

=[2.18,7.24]

: [E— .
ﬁtzf 1,0.57] - [1,1] — 1)[1, 1] +2([1,0.57] - [1,2] — 3)[1. 2] + 2([1,0.57] - [1,4] — 3)[1.4]) 1,057
" iRy

=[0,0]

— 0.1 TrainLoss

54



Z¥m)3: 25

- BRLTTZE R AT{THI?
- gk

* WA B ETTNRSIFIA?
- IR

* AT B AR AFRIFTN=S?
- RAEDE

Y

earning algorithm I

hMH:-aE
w
\

redic

2.71

tor

F = {fw(z) =w-¢(z)},¢(z) = [1,2]

Loss(z,y, w) = (fw(z) — y)?

w < w — nVTrainLoss(w)

'}

4
3 ?

2

1 é

% 1 2 3 4 5
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B TRERIER

 TrainLoss

- EBE FNFEESE

» Sl

&= N 1R AHY,

train

_: Algorithm: gradient descent -

Initialize w = [0, ..., 0]
ot =l o000

W W —1

wZﬁu%B =2 AR MIZ

=
E

) palP e =Y = ZlixeﬂE.%ﬁ%’”‘)i JFEFERTHY
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FBHVBERE T~Be

° BEWM%J

E P& (Stochastic Gradient Descent, SGD) : {NfRiIBEE

IEGERINRESEREF S,

<
<<
<

2] O

1515,

—g Algorithm: stochastic gradient descent —‘

-ﬁ Initialize w = [0, ..., 0] 1

ﬁ FOFﬁZl,...,_T: - |Dtrain|

@ For (z,y) € Dyrain: ‘

W — w — nVyLoss(z,y, w)

Z Loss(z, y, w)

(may)eptrain

=~

HLEREHEEE RiZ2 (Minibatch SGD) @ 8RB  MMEARY

=i A=10N
E-L-l_;%_l—'fa:L_lo
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VEETBE vs FEHNAEE TR%

- BJAIL

PR TN hE

Vel
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B4

* TralnLoss

« SGD&EIR =cF
BETRENZ (BIESS) |, RMecE RIPILE

- (BEHE

train ! train

gradient descent stochastic gradient descent

Ir:Q‘ Key idea: stochastic updates

It's not about , it's about quantity.

IHEERANE (RE(X)
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Z$Mm])q: fEZL

gk IR RN AL EE
it EhH BBE
[=])3 S B

Z Izl p oLy g8 BB AL
ERHIRK? A NETA

P HPHSEM(Group DRO) o



ETFHBIOF AP

Gender Darker Darker Lighter Lighter Largest

Classifier Male Female Male Female Gap

m Microsoft 94.0% 79.2% 100% 98.3% 20.8%
I NN S S

:. .:r. ACE" 99.3% 65.5% 99.2% 94.0% 33.8%
I I

IEM 88.0% 65.3% 99.7% 92.9% 34.4%
I S S

t=%

\\ 2

IFEARS

3
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ABRABNIERAYTES

« EHET2018F—RFRIER
BN T E *‘BW’:J?JE

S fE P TERARIGREEA

AR

- (NEE—KBRRIE HEiE L 425 8JRobert Williams,

Wrongfully Accused by an

Algor:thm

In what may be the first knc of its kind, a faulty facial
recognition match led to M } liga s arrest for a crime he
id not commi




HRIASREALE—i

o« IEEAMN, ERERARKIRBER—(I220UNijeer Parksgyzs
ANEFE, it :ﬁd{?&Tm% AR IR TAO
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S PEEIHERRIS A AR

- REREIREE

training data

| . y g group

example | 3 input
example i *
! : S :
examplei 5 5 B learning algorithm f predictor
e ——| 2
6 6 B |
? ? B *’,: Ir output
8 B

8

. 2H71J1I:Uu 1EZ:/L\\lL

Y

O H N W s M oo =~ 0

HFT!
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FIIREK

 TrainLoss

train

Q0O ~ S O;

oo -~ o O

W W W

train

loss

80

60

40|

20

= TrainLoss
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PEITRIRK

1

* TrainLoss = | — 2
train ' train
e TrainLoss 1 :% 1—42+ 2—82 =225
e TrainLoss 1 :% 5—-52+ 6—6°%+ 7—7%+ 8—82 =0

80
TrainlLoss
ro Yy g 60 .
* TrainLossg
"
8 40
5 5 B
6 6 B 20
T T B
g 8 B 0 s
0 1 2




ITRAERIRAEREKX(E

* TrainL0oSSax

e TrainLoss 1 =225

= max TrainLoss

e TrainLoss 1 =0
=max 225 0 =225
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