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eSS FRN=F S
BAEBE, FESHEHEXR
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PEMFERAFEFSEES R
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=E

| BT
01| &t 05 (Local Smoothing)

02 | IESHDREZEE 06 | IEE2HA L5 L%
03 | HARIESHHIR 07

(Nonparametric Analysis)

Hie

ERFEE
04 ‘ (Global Smoothing) 08 ‘



© 95 HFARFEHREEFF (Taylor Series Expansion) ?
© 952 HARBEMHEEREFF (Fourier Series Expansion) ?
© TE3: HARKFIIEX,?

Rig (X}, B— 1 HEMESf (D) FEiEFEAR, EEASE

> 1

(1) E(Xn)—u

(2) var(X,)=—->0asn -
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1. 2iE
« IE2# 9t (Nonparametric Analysis) EFITFITEL575Y
—EELE, MAIZ

> AR "9Ez" ?

> "I BitaRL?

>UafER "EZ" ?

> WaIRERE "IEZ" 7

> "I SHlsEEINXRERMTAY

* We will provide a unified approach to viewing various nonparametric

methods and their relationships with machine learning.



ISP TINERE
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2. FE2HIDthRERH

s IO TEEXNTSE DT (Parametric Analysis) TIFERY
« N TIRBHARIESHSTTREIER, EI1E8EREFEZHP—
SEDTTHIF

, 1
Has R }—ﬂ#%#ﬁ%ﬁﬁ—l—&ﬁ%a A Y |




2. FE2HIDthRERH

- i1 [iBZ=EREN] : = Hrsfe

IDVBER

TEHI— %

#0300, (Multiplier Effect) I

> RIS e Em AL IR G RET
(1) National Income Identity: Y;= C; + I; + G; + E;

(2) Consumption Function: C;= a + BY; + &

HeR e AERIRIIAIINF

S HAtREZRXTIHZE ¢, IS




2. FE2HDthRERH

>RIK & IMELIRFEME (. |Yy) = 0, RULIEZE C; RIFMHIIERIIN
Y, BYZGIERREL

E(Ce|Y:) = a + BY;

H—fSE

dE(C,|Y,) _ :
. = f# = Marginal Propensity to Consume (MPC)
t

XS] p AR 9I0PRHZE ]



2. IESHDTRIERE
>WI5RE (1) T (2) , EIBBURFALE HHAOTREHET

Y,
06, 1-p

PSRN HIA/NEURTF MPC, Bl B (B

=4 if §=0.75




2. FEZHIBthREERH

- RIKBETERHEWNR "I
Ct —_ a+,BYt+)/Yt2 +€t
HAPE(g|V) =0, T

2 dE(C|Y,)
E(C,|Y,) = a + BY, + VY7, MPC = — = B + 2V,
t

AJLIEE], MPCABR—IEE, MSWNKF Y, BX




2. IESHDITRERE
. WRESHHOEBESERNN R, (BRI —

HU

Cr=a+ pY; + ¢
LAY E (e0Y;) # 0, MHREEE—MRIRIRE, &% B # MPC
« E(glYy) = 0 BIEZRRESRE I EFSERIFY
« MPC HURTHZERZHIRETE I




2. FEZHIBthREERH

- SHHEZE RKBEEREEWNRIS R EEE T B INIE R
&P, EPEae (R4) RN, XIWESH5E
(Parametric Approach) , fEMAVRBINUMMSEHREY (Parametric
Model) . SO TTRRIIFESIHELS N FERERNDTAZE
s IESFFOTHMEMEITRANSHE, HERERIT2EE, #Hm
FIRrEZFEEN, WML, FRHBERENFIFE
. FUBDER: 5% BEMKTE, P4E

c=c(X)




2. IESHSITRIERE

- HIAS SR
> EMEITER > TR
> BEEITSE > Cox’s (1972) HAIERIHE

Hinear Resression »  Logistic Regression Generalized Linear Model Cox Proportional-hazards Model

enum=4

.o __. e PO, o e g _

rvival probability

Si
o
B
P

y
o
=)
n
=]
%)
<)
B
=)
a
<]
o
<]

Z XAxis | X-Axis 3 i =



2. SIS ITRIERE

.

s

. EEISHERAERENTIE, MRS, R
R AR

- [RBBLRIZ (Model Misspecification) S8¥{TABR?
> AJRECIE—EUHITESESEUE .
> SEMETIRE (I MPC, BHRNE) AEEY (T

and Managing- . %
> BEREINIRS (90 Multiplier Effect Prediction, “'Mﬂdﬁl“ﬁ%

COVID-19 Cases Prediction)
> RENE (EMREMSEI™E

(I

227K




2. FE2HIDthRERH

+ NXJZIE
> %tit=: Diagnostic Testing and Model Specification Testing
> 2O MRRERERETT




TARESA D

(Nonparametric Analysis)
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3. (TA2IEE89t (Nonparametric Analysis)

- SO AMRSEFERER, LIRS IFREIEIS
- BREZEUTIE:

> EuLL (Series Approximation)

v' Fourier Series

v" Polynomials

v Hermite Polynomials

> 554 87% (Spline Smoothing) (\ : Y Vi
> 1Z481% (Kernel Smoothing)

> BEREINTlS

2/81% (Local Polynomial Smoothing)



3. (T A 2IEES# 19t (Nonparametric Analysis)

IESHBh B ENZ REEE

1946-1948 A

Spectral Density
Estimation

1956, 1962 A

Rosenblatt (1956)
-Parzen (1962):
Kernel Probability
Density Estimation

1970-1990
1964 - Series

d 1064 - Splines
Nadaraya (1964)- {1 ) Polynomial
Watson (1964): Artifioial Nearal
Regression - Artiicial INeura
Estimation Network

@

¥2;8 (Smoothing) :

IESHSBTRESEE



3. (T A 2IEES# 19t (Nonparametric Analysis)

AR H PG X
> £F¥58 (Global Smoothing) FIEERY4E (Local Smoothing)

K-Nearest
Neighbor

; . ilirldulrln)\ﬁ _ )
o0\
WEeiteine. e

f@‘,«m}y'
HL;

LANS

Artificial Smoothing

® Neural
Network

(ANN)




2RFEBE
(Global Smoothing)

/0



4. 2F¥iB/iE (Global Smoothing)
- TAaREREEER?
(HAESETRREE (/7 f2()dx < ») AIFTA
[EERMREBINIMN GBS
fx) =Xj20Bj@;(x),

where {(p i (x)} is a sequence of complete basis functions.
> REZBERT, BERE {p;(x)} BIERIF (Orthonormal) EREL:

00 . . 1 ifj=l
f—oo (p](x)(pl(x)dx — 6]l — {0 lf] + ]’

where §;; is called the Kronecker delta.



4. 2F¥iB/iE (Global Smoothing)

Laguerre Polynomials

» Fourier Basis
> Polynomials =

» Laguerre Polynomials

> Legendre Polynomials

» Hermite Polynomials
* For series density estimation, see Cenzov (1962), Wahba (1975), Walter
(1977)

* For series regression estimation, see Gallant, Newey
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4. 2F¥iB/iE (Global Smoothing)

%)

Fourier Series Approximation to the Quadratic Function



4. 2F¥iB/iE (Global Smoothing)

(1 ifo<x<3

« f2: f(x)=< 0 ifx=0
. 1 if—-3<x<0

flx) = sm(x) + =

sin(3x) N sin(5x) N ] 4 i sin[(2j + 1)x]

3 5 T 2j + 1)

=0

Hrh g = x - 0asj —» o, AIEMAELREETE

T 2]+1




4. 2F¥iB/iE (Global Smoothing)

i
.

LE p=g o= e, Gi'E]

Fourier Series Approximation to the Step Function



4. 2F¥iB/iE (Global Smoothing)

o ZR%#4M]Y] (Series/Sieve Regression)

Hehp =p(n) » o, = - 0asn - o, LTS

7)) =370 Bje;(x),
HPp=(0'0) Y, RO+ DX1IEAE ¢oR(@+1)X
(p + 1) 7EF%F




4. 2F¥iB/iE (Global Smoothing)

- I951R%Z (Mean Square Error)

IMSE [7(x)] = f E [7(x) — y(0)]? dx

= var([7(x)] + Bias?[7(x)]
= O(%+p‘5), s> 0



4. 2F¥iB/iE (Global Smoothing)

* p = p(n) is the maximum truncation order of series. It is called a
smoothing parameter because it affects the degree of smoothness of the

series estimator 7(x). The estimator #(x) is called a smoother.
» p oo, Bias=)_ p+1,[3]g0](x) -0

> % — 0, Variance — 0

&

© 9 FERHAEEEL (basis functions) {¢@;(x)}?



4. 2F¥iBiE (Global Smoothing)

o AT AERITESSFFFH Hermite Polynomials ?
» Ait-Sahalia (2002), Gallant & Tauchen (1996)

0 Al : T2 Hermite Polynomials ?
» Hermite polynomials are a sequence of orthogonal polynomials of

{H fi (x)} such that

2

ffooo H;(x)H, (x)e_x?dx = &)

. x? dJ ( _ﬁ)
where Hj(x) = (—1)/e2 e 2/),—0 < x < oo,

dxJ



4. 2F¥iBiE (Global Smoothing)

» The first few Hermite polynomials are:
Hy(x) =1,
Hy(x) = x,
Hp(x) = x* — 1,
H3(x) = x3 — 3x,
Hy(x) =x*—6x%+3



4. 2F¥iBiE (Global Smoothing)

- ML HEMFIISESE: EES
» Benchmark: Normal Distribution
- ESEURBINSEL{B; | BARFIREL r(x) TEEREL ¢, (x) BHIRER

&, RIS




REBEBE
(Local Smoothing)
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5. BEP¥EBiEZ (Local Smoothing)

HABAE (Basic Idea of Local Smoothing)

» Fitting data in a small interval which vanishes to a degenerate

interval as the sample size n — oo,

v




5. BEP¥EBiEZ (Local Smoothing)

Kernel Probability Density Estimation (Rosenblatt, 1956; Parzen, 1960)

Suppose {X;}i-, is an IID random sample from an unknown
probability density function f(x) with support [a, b], where a < b.
Then a kernel estimator for f(x) at a given point x € [a, b] is

- 1
f(X) — ;Z?=1Kh(Xi _ X),
where
1 Xi—
Kn(X; = x) = - K(=),
K:[—1,1] » R%is a kernel function, and h = h(n) > 0asn - o isa

bandwidth.




5. BEP¥EBiEZ (Local Smoothing)
* Second Order Kernel K(-): Any prespecified symmetric probability

density function. For example,

» (Gaussian kernel:

Kuw) =—e 2", —0 < U < o

V2m

» Uniform kernel:

1
K(u) = Eﬂ(lul <1

where 1(+) is an indicator function, taking value 1 if |u| < 1, and

zero otherwise.



5. BEP¥EBiEZ (Local Smoothing)

Special Case [E5 8 (Histogram)]

* When the kernel K(-) is a uniform kernel, i.e.,
K(u) =2 1(lul < 1),

the kernel density estimator f (x) becomes the well-known histogram

with bin-size equal to 2h:

f@) =5

S 1 (X — x| < R,



5. BEP¥EBiEZ (Local Smoothing)

* Intuitively, the histogram is a standardized relative frequency over each
small interval that is centered at point x and has a window size 2h. As

n — oo, it converges in probability to the unknown probability density

f (x) at point at x.



5. BER¥EiB/iE (Local Smoothing)

BEREEZENAFEM: FEREEF (Taylor Series Expansion)
Bias = Ef (x) - fe
= E[Eyr, 2k (555)] - £ [AJ: What is the bias
= 1p[k (3] - ) (RERSFHER) Bk
=2 (7K (E5) fdy — f(x) (3 X; BISTRRAS)

b—x

- fa%hx K@)f(x + hw)du —f(x) (BREZXE#u= (y—x)/h)

= 1K@ [£ )+ huf' ) + B2 0o | du - £0) (CHZBIES)
= f(x) [}, K@du + hf'(x) [*, uK(u)du + = " () S5 WK (wdu — f(x)
=" @) [1 K wdu



5. BEP¥EBiEZ (Local Smoothing)

Kernel Regression Estimation (Nadaraya, 1964; Watson, 1964)

The Nadaraya-Watson estimator 1s a local weighted sample mean

7(x) —argmlnz (Y — 1)K (x — X))

e FOC
~ m(x) _ n
P(x) = 72 = B W)Y,
(%) = Kn(x — X;)
Xl
Kn(x — X)) = - K(=

), K(-) B—1M&ERA%% (Kernel Function)



5. BEP¥EBiEZ (Local Smoothing)

* The basic idea of local smoothing 1s equivalent to the procedure of

finding a local weighted least squares estimate (e.g., Hardle, 1990,
pp.20).



5. BEP¥EBiEZ (Local Smoothing)

Special Case [[B]J3E] (Regressogram)]

When the kernel 1s a uniform function, i.e.,

K(u) =>1(lul < 1),

the Nadaraya-Watson estimator 1s simply a local -

IREERIEL i

sample mean, that 1s,

?=1 Ylﬂ,(|Xl—x|Sh) @_; ]2 Ll :)J 1Ll n;|

PO = SR e

where the denominator 1s the number of observations

that fall into the small interval [x — h, x + h].



5. BEP¥EBiEZ (Local Smoothing)

* The local sample mean estimator is called the regressogram by Tukey
(1961) to accentuate its relationship to the histogram.

 The regressogram is the local sample mean of {Y;} for which the values
of the corresponding explanatory variable {X;} fall into a disjoint bin
that 1s centered at point x and has a window size 2h (Tukey, 1947).

* Convergence in MSE of the regressogram to the true regression function

has been shown 1n Collomb (1977) and Lecoutre (1983, 1984).



5. BEB¥EiBiE (Local Smoothing)

* Tradeoft between variance and squared bias:

MSE #(x) = 0(— + h?)
» h—-> 0 as n—- oo, Biasof7(x) —- 0
» nh - ocoas n — oo, Variance of 7(x) = 0
* Boundary Bias Problem
» The bias in the boundary region is “larger” in order of magnitude

than the bias in the interior region, due to the asymmetric coverage

of data in the boundary regions.



5. BEB¥EiBiE (Local Smoothing)

Local Polynomial Smoothing

* The Nadaraya-Watson estimator 1s a local constant estimator, 1.¢.,

using a constant to predict observations in a small interval.

e |AJ&: Why not use a polynomial to fit the data in a small interval?



5. BEB¥EiBiE (Local Smoothing)

* The idea of using a local polynomial: Katkovnik (1979, 1983, 1985)
and Lejeune (1985):

min );_4(Y; - Z;a)’Kp(x — X;)
where Z; = (LLX; — x, ..., X; —x)P)=(p+1) x1
a = (ag,ay,..,ap)=(p+1)Xx1
» when p = 0, it becomes a local constant smoothing.

» when p = 1, it becomes a local linear smoothing.



5. BEB¥EiBiE (Local Smoothing)

©® 93 40 Local Polynomial Smoothing ?
» A polynomial is fitted to the data in a small neighborhood which is

centered at point x and has a window size 2h, where h - 0 asn —

Co .



5. BEB¥EiBiE (Local Smoothing)
 Locally WLS: a=(Z'wz)z'wy
» p =1, Bias = 0(h?) V x € [a, b]

» & has an equivalent kernel representation:

@, =TIy Wy (LY, Wy(u) = 320 [1 4 0,(1)]
o 7, (1) B M, T o) B X, RS,
» Locally WLS:

p!

® )\’
‘AZ:(AO:CAZ “p)"()/(x))/(x) yp(x)) asmn — oo



5. BEB¥EiBiE (Local Smoothing)

* The Nadaraya-Watson estimator 1s a special case of local polynomial
smoothing, withp = 0

» Bias # 0(h?) in the boundary regions

> [ uKdu # 0, if 0 < 7 < 1, 50 the term of O(h) in the bias

does not vanish to zero.



5. BEB¥EiBiE (Local Smoothing)

* For Local Polynomial Smoothing with p > 1

> fjrkv(u)du =1 and f_lruji(v(u)du =0for1<j<pV 0<
<1

> The equivalent kernel K, (+) is automatically adapted to the
boundary region, due to the nature of least squares estimation!

» Bias = O(hz) in the boundary regions, the same order of

magnitude as in the interior region. This 1s in sharp contrast with the

Nadaraya-Watson estimator (or local constant estimator).



5. BEB¥EiBiE (Local Smoothing)

Et&%: Global Polynomial Approximation

*  White (1980, International Economic Review)
min Yiz1(Y; — a'Zy)?
where Z; = (1,X; — x, ..., (X; — x)P)’
White (1980) MERR: i n — oo A,
OLS a » (y(x),y’ (x), ...,




5. BEB¥EiBiE (Local Smoothing)

K-Fz1E4Bi% ( K-Nearest Neighbor Smoothing )

e IAJRA: What is K-Nearest Neighbor (KNN) Smoothing?

* The KNN estimator is an average of the observations of {Y;} in a
neighbor for which the values of {X;} which are among the K-nearest
neighbors of the point x in the Euclidean distance.

* The original KNN estimator is an equally weighted average of K
observations in a varying neighborhood, so it can be viewed as a

regressogram in the neighborhood.



5. BEB¥EiBiE (Local Smoothing)

The key difference between kernel smoothing and KNN smoothing 1s

that kernel smoothing focuses on a fixed interval that 1s centered at x and

has window size 2h, while KNN smoothing considers a varying

neighborhood:

» For the variance of the KNN estimator to vanish to zero as n — oo,
one must let K (the sample size in the K-nearest neighbor) increase.

» For the bias of the KNN estimator to vanish to zero as n —» oo, K
must increase at a slower rate than the sample size n, so that the

interval containing the point x shrinks as n — oo,



5. BEB¥EiBiE (Local Smoothing)

* The KNN estimator can be generalized to be a weighted average in a
varying neighborhood. See Loftsgaarden & Quesenberry (1965), Hart
(1967), Stone (1977), Mack (1981), Devroye (1978), and Gyorfi (1981).

New example
to classify Class A

Y-Axis
*
*

J[ Class B
ik '\ AA

X-Axis



5. BEB¥EiBiE (Local Smoothing)

B3 (Regression Tree)

start >= 8.57
start >= 147

1

age < 4.67

# absent # present

age >= 9.27

® ® D @ @

15% 17% 23%




5. BEB¥EiBiE (Local Smoothing)

* A regression tree takes the form (Gordon & Olshen, 1980) of
7(x) = Xi_, ;1 (x € Nj)
where {(3} are constants and {N]} are disjoint hyper-rectangles with

sides parallel to the coordinate axes such that U jp=1Nj = R, where d is

the dimension of X;.



5. BEB¥EiBiE (Local Smoothing)

* The best least squares estimator of a tree 1s
- 1
C; = n_jZ{i: x;en} Yis
where n; is the number of observations whose values of {X; } fall into
the region N;.
0 |AJ&X: How to construct the disjoint hyper-rectangles {Nj}?zl?

* A regression tree estimator is the average of {Y;} whose predictor

X;’s values fall into {N; 1_9 . Therefore, it 1s a regressogram 1n each
i ij=1 g g

region N;. See Breiman ef al. (1984, 2004).



5. BEP¥EBiEZ (Local Smoothing)

B&: NFMBIESHFEBITEIIRILIRTR/I—1 Local Weighted

Sample Mean of {Y;}]-,

« AEIFFESHTANIEREARRSRE (neighbors) FIAREITNE
(weights)

(PL]




5. BEB¥EiBiE (Local Smoothing)

EREEEFNRSEREENERR

» An orthogonal series estimator (global smoothing) can be represented

as a locally weighted average of {Y;} with the weighting function
Wpi(x) depending on the basis functions and the smoothing parameter

p which 1s the maximum truncation order of the basis functions (e.g.,

Hardle, 1990).
» As Hardle (1990, p.59) points out, a spline smoothing estimator can

be written as
r(x) =n"t YL Wy (0)Y;,

for some weight function Wy; (x).



5. BEP¥EBiEZ (Local Smoothing)

2 REEENRERTE R AR XAI{EME?
> 2FFEERTFEETT—IR, ErRERAMREER I UEL

HIFrEMmITHE
> BEfEEEREESEN T, JeSREREEARE R x BUEIHE
Q Al : T 2BF{&EF Global Smoothing ? {+AHRH{&F Local

Smoothing ?




5. BEP¥EBiEZ (Local Smoothing)

 Global Smoothing i FAI+F:
» Ait-Sahalia (2002, Econometrica)

» Gallant and Tauchen (1996, Econometric Theory)
» Hong & White (1995, Econometrica): Series Estimator

» Cui, Hong & Li (2020, Journal of Econometrics): Spline Estimator



5. BEP¥EBiEZ (Local Smoothing)

245 IFE=dnthiESRig. BESHE

(1) Key Assumption: Data generating process (DGP) is an unknown

stochastic process.
(2) Model-free : FIFRAMEEIFZI. IFEMERR
(3) Criterion: Mean Squared Error (MSE)
(4) RERWEHEEEE (BB E28E) ?

Trade-off between variance and squared bias




5. BEP¥EBiEZ (Local Smoothing)

>Z

(5) WSLERE (Convergence Rate) LUIRIE, TELVIIKBIER (n)

v" For kernel multivariate density estimation, the optimal convergence
rate

4

MSE [f (x), f (x)] « n”™2a+,
where d is the dimension of X;.
(6) FFRET=E X; BICATE,;, FEHERME (Curse of Dimensionality)

(7) APSEMRBEIRYATRERIE . RSB EFENAIRRE

dinl




5. BEP¥EBiEZ (Local Smoothing)

© BT HANIRBSHUTE? HARMRRIESESA?
« M Bias-Variance Tradeoff SREE
> SEHETERNAEN (hiteER) |, BEREETREEREXR (3E
BHRIRAT)
> B—hHE, FBEEERTEREE, RER/, BGitERY
BERK, SEAHE MSE BHISKRR/




5. BER¥EB/iE (Local Smoothing)

201842 Pearson VS Fisher 51

Nonparametric More concerned
approach gives about
generally poor specification

efficiency - " R

’E, VA S

R. A. Fisher Karl Pearson

]




5. BEP¥EBiEZ (Local Smoothing)

HBEFLRIOHE

From specific From general
to general to specific
approach IR N approach

Robert Engle David Hendry




eS8 R ESINEFS
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6. IFSHRESH=RFS

T4 2N22%F> (Machine Learning) ?

> Arthur Samuel f£1959F48, (BAMERNARXRSUELINZ /5
> HSEFIERETFTREENENZENTEINEE

> HEEF S E Model-free

> HesFSIR]omASE: =S (Supervised Learning) FNFCES

%> (Unsupervised Learning)

> YIssFINEERGRE T ASIENESING ('iE5K)




6. IFSHRESH=RFS

“tAERNIRMALE, TESESAE"




6. IFE=E R ESINEFES
« fi [[E])IFRNSIENLE (Regularization)]
> EEEUE (Y, XY, FISER— SR FRELHE TN
ml;nz I(Y —X lB)Z

HE:X,B :80+Z§) 1181 ij
> OLSIHitEE:

B =X'X)X'Y
> WNRE&MREIEERIERIZE, N OoLS f BLEREITE
> HERTE X INEURKRE, RTEErgeFEiist
(multicollinearity) B2 E (near multicollinearity) , LGHY
X'X NEAFES/VFAFE, SEOLSHITERFESIRE




6. IFEEARES =TS
+ Gl [ENITHUSIENL (Regularization)]
> IGEI (Ridge Regression) 73i%: 1EXMIERT, ALIER

. / 2 2
l}g? 2i=1(Yi = XiB)* + 12 o Bj

HiGitEN

B=XX+ADX'Y
XMETE f AFEELRETE, BEEEFERRRE. NAAK
Rk, REIFESLIRKISEERIAR, LU TR 5RE
BENZEERD, AMmBuATRNRER




6. IS ES=EF
- Bl [[El)IFRNSIENE (Regularization)]
> LASSO ik B2, REIFHIERREL. RXSHFR
LEFEWRLRIE (sparsity) , BIRBDHMERTENREFS
T, EXWEET, AZE

minSILy (Vi ~ XiB)* + AX], IB;
J

XNTERRA LASSO, ARBIBEFEREE, FFRRSAE
TR ENRIERIRNAT, NmAE2uE=REnBaY




6. IFSHHFESNR=F

MEsFIREARBABRLTF LASSO 574, B2
ZIE N IMEE] IR
> Risk of overfitting: ¥ BOHFEEARIMNNFEH)
YED/INZFEWE (training data) FINHHED

> HaaFS—H

)I|ZRE

RES

/

=Yamil

Model-free

MERIAEH, MIuET

S PANE]

B, Vg5
T (testdata) , HeP

2NN




6. IFSHHFESNR=F

s HA4ARWEEES) (Machine Learning) ?
> NSBFIEEIIFRALE ()IERE0E) PRSI SR
EZENGFITRE (EXME) | REFEHITEARINT,
> HeaZEINAR: SFEENCRIEZENL + iTEINEE

.....

v Data Trainning Data + Penalty — Algorithm
Test Data

v min SSR + Penalty



6. =BG ESN=RFS

- YIERTRINEESS

° 9441 I
v—— IPIEEGRPRIFRITRER (WEXTE)

Training Data > PrILEEHS
HAET IR
HAHIE SIS (overitting)

Data
e b

F R ENESHE
Test Data il I e TR =S
HINTE 2L
RARRIER



6. =G ESN=EFS

- JIMEBEIESEFI LA

K-Nearest Artificial
Neighbor Neural
(KNN) Network (ANN)

Decision Deep Learning

Tree (DL)

Support Vector
Machine (SVM)




6. IS ES=EF

» ANN is motivated from cognitive science, particularly from the
physiology of nerve cells.

» Suppose X; is a d-dimensional predicting vector. The d components of
X; are called inputs, which are connected to multiple hidden units. At

each hidden unit, the inputs are weighted to form a linear combination

(B;X;), where the weight for each input is called a connecting strength.

p
Different hidden units have different linear combinations {,8 ;X l-} o
j=1
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p
» These different linear combinations {,8 ;X i} ~are transformed by the
j=1

same activation function g(-) which is a nonlinear mapping.

» A popular example of the activation function is the logistic function

1
1+e~ U

9 B : {+45=2 Activation Function g(+) ? EfEFHETA? See
Stinchcombe & White (1989)

gu) =
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» The nonlinear output g(f ;X ;) of each hidden unit is called a multilayer

perceptron. They are weighted again to form a linear combination

which is then transformed by a second activation function h(-):

Yi=h [Z?zl ajg(ﬁfxi)] t €.
This 1s called a single hidden layer neural network. The second

activation function h(-) can be a linear mapping.
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» If there are more than one hidden unit at
the second hidden layer, and different
hidden units at the second hidden layer
have different combinations, which are
further transformed by the second
activation function and are formed as a
linear combination. This 1s called a
multiple hidden layer neural network

(deep learning).

Output

_________

Input

Layer
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B N/REFFFIZEBE Thomas Sargent (2018):

“Artificial intelligence is, first of all, some

gorgeous rhetoric. Artificial intelligence 1s

actually statistics, but with a very gorgeous

phrase, in fact, is statistics.”

201 SR RIF CIFMCIR

- BRI, HEFIEETREUENENARSSST NG
- ITENEENSSISF MR FEER
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R FEIEL5TRHIN LA

B35 (85%, JNLChin) FISEHE (Business Intelligence) EB}] iﬂ (Autonomous Vehlcle)

2R I3 rR IR

(] \i\ ° = <
. XFBE = O
- EEEER - INEREY A O %
- =0t FAERHL
’Il —

- HESE
- BXEfE

P
- / /’l
;

\[\.



6. IFSHHFESNR=F

- ERZBELFRMAEDP, HEFEIATUNAELLEIER, BEVES
S)EBENERE (Black Box) , HEFEM (553 2ERMERE) —
BE— R

o ML EENRFEN?
> [RHh] NRYEBFEIRE TERREE, TERBIEEIA

B4R
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- NEEEIEDENS: Data Generating Process (DGP) B— 1R
RUREHLEE, BRIREFEREEEHIRRE

- BTSSR FEIELRC LR — iEI’\J, & Model-free,
FRT, BFERENW, YssFIAERMESHEFEETER
AR

- RZHNRFIHZERIENCRIEAES SR BIERNELER S
» KNN, Regression Tree, Random Forest, ANN




6. IFSERESNHEFS

- ARG UNES _ LREIEFSE=IAR, EEEE0E
St

- FlR, BT ETLNGEITHENEERE AT ATSEEIEEM
Wr5iH
> {5]: KNN, Decision Tree, Random Forests, ANN . I

v Lai (1977): Consistency of KNN i

v" Breiman (2004): Consistency of Decision Tree
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IR EUTIARI LR A A—EN I 5iETulRE
> {5l]: KNN, Decision Tree, Random Forests, ANN

v' Biau, Devroye & Lugosi (2008), Scornet, Biau & Vert (2015):

Consistency of Random Forests

v White (1989, J4SA): Consistency of ANN

DecisionTree-1 =~ Decision
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.« IFELZFEER Halbert White 7£ ANN [UEMIBICHHE, M TE

[ILN

KIREMESTRA

\
.
;0

)

X \S

>

A

Y
(50X
i
&
;o

AN

()
®

‘ ‘ output layer

hidden layer 1 hidden layer 2

input layer
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ANN Universal Approximation

» White (1989, 1992) show that even a single hidden layer neural
network has the universal approximation property: It can
approximate any nonlinear function to an arbitrary degree of accuracy
with a suitable number of hidden units.

» The process of parameter estimation is called training the network,
which can be obtained by minimizing the sum of squared residuals.
The algorithms to implement this minimization task has been a

challenge 1n the literature.
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© T3 HARIESHEE?
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© JE: NBEIETFIESESXE?
IS E0E AN ERE I E DGP [RIREMFIREFENSEEM, ©
119E1% DGP 22— k%088 Stochastic Process, I¥Z Model-free

- VI ETERESEELEICIFSEEERE

> IRBH0ARE X, 4R d BE

M

&

4L

EHY BRI T 2{EERT,

L, HE8FITTERIT X NEERK, BE

ASE n, XENSRFINEARSETEZRZKNN— X5
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HTFAIERESHEEHRETE, XEEETEREAEREE
FOHZME (Multicollinearity) , EIANEES S IR FTNEELA]
BEEAIREARENE, B—PEUE "Ml TeesSEET

RENEERN
- \FIHFAEE, TRFIEETEWEIENCIFS SR
Uyshrs

- HSSFEIRD I AREIEIN—MEERSE, RS HEREIE



7. 4518

o« HEFEINEFTHEN B EZTHRS N
« Hgg=IMmirE (ABETIEEHD ) BNRRX A LI=4ERiT=E
i 2RISR o, WHITES) (Statistical

Learning)
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