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Nadaraya-Watson (12.3.9)with Gaussian
h 0I5, 05, s, {X} h
xt xt
(12.3.10)
h X, 12.5a  12.5c
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1,(x)° 1 f(X) >b] (12.3.18)
b 1% 5%
I (¥ f(x) X, f(x)
. 113  X-X
fx)==—A& K t 12.3.19
(=318 K= (12.3.19)
- & - X
K20 @ k(22 (12.3.20)
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= @2p) 2 expl- %(X- X)'(X-X)]  (12.3.21)

113 .X-X

fA(x):?hmfg:[1 K= (12.3.22)
=- %ﬁémx' X )(X-X,/h)y  (12.3.23)
[(X)
[(X)° - f(X) (12.3.24)
f(X)
f (x) (12.3.19)
ie;
XS b,
Xit
12.3.4
Arrow(1964)
Debreu(1959)
$1
Arrow-Debreu
Arrow-Debreu
Arrow-Debreu -—-
--- Ait- Sahalia  L0(1996)
(SPD) SPD (
)
( Ait - Sahalia  Lo[1995])
SPD
SPD
(  Bick[1990]and He
and Leland[1993]) SPD
( Kerman and Kani[1994], Dupire[1994],

Jackwerth and Rubinstein[1985], Longstaff [1992,1994], Rady[1994],
Rubinstein[1985], and Shimko [1991,1993])
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Rubinstein[1985]

€y @) (3)SPD
SPD ( )
t T Y(C)---- G
- o d7'U(Cy)
R =E[Y(C)M,,] M, ; 0C) (12.3.25)
M, ; t T d
Lucas(1978) (12.3.25) {R}

Leroy’ s(1973)
f.(3 (12.3.25)

EIY(C M1 = owco% f.(C)dC, (12.3.26)
=e" TV &y (C)Hf, C,)dC, (12.3.27)
=Y e (T-1)ELY €1)] (12.3.28)
. M; f(C)
f(C)° —— (12.3.29)
= oM. £(C )dC;
. T t T
(Euler equation)
( ) SPD f
f
f’ (Cox and Ross[1976])
(Harrison and Kreps [1979])
f’ T C;

== —-- Arrow-Debreu

SPD
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f t 7

SPD f * (C;;t,T) T3t Y(C,) t
( 16)
P=e"T(C) f*(Cp;t, T)dC, (12.3.30)
and we shall adopt this convention for notational simplicity
T C, B
Y(C) =max[C, - X.0] t G
G =€ gmax(C, - X,0)f *(C,;t, T)dC, (12.3.31)
(12.3.30)
Y(C) = a-b +b a0, b<0 (12.3.32)
1+exp[- b(C-a)]
ao c+%|og(- alb) (12.3.33)
( 12.5) Cox and rubinstein
[1985,Chapter]
SPD
Ross(1976), Banzand Miller(1978) Breeden and Litzenberger(1978)
SPD (12.3.30)
G, X SPD
111;—6;:e'“““>f* (12.3.34)
SPD f *

(12.3.34) SPD
(  Hull[1993,Chapter 17]) Ait- sahalia and Lo(1996)

Black Scholes(1973) Merton(1973)
( )

{G. Xt} ( teT-%)

G(P, Xt ,t)=E[G|P,X.t ] (12.3.35)
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K d=4
Ku(P Xt ) K, (P, (XK, Ok, (F)  (12.3.36)

. 3"k (P- Pk (X- X))k (t -t )k (r-r)C
G(P,XI ’rt)zaOI::; hp( |) fg(( |)k|'|( |)khr( |) i (12-3-37)
a izlkhp (P - F|))khx(x - Xi)kh (t - ti)kh, (I‘ - ri)
D SPD =
D(P,X t )= Te(P.X.tt,) (12.3.38)
P
- PGP, X t
f*(R| Pt r)=€'[ («”xz t)]x:PT (12.3.39)
Ait- sahalia  Lo(1996) D SPD
SPD z T=t+t Y(z,R)
t
G(P,z,t,r)=e" Y@, R)f*(P| Pt T )dP. (12.3.40)
YO R
G(Pz,t,r)=e" (‘Sv(z P *(R|Pt )R (12.3.41)
K 1°G
:QY(Z’PF)ﬂTTZdPT (12.3.42)
X1Y@2Z,R) A
= GdP 12.3.43
Q ﬂaz T ( )
é ____G" nY2p*2
P nY/2p3/2 é
]
n1/2h8/2 P n1/2h6/2
T
h¥?2 —_—— -——-against G

instead of integrating the payoff function itself against the second

derivative of G

Ait - sahalia and Lo(1996) S&P 500
January4,1993 December31,1993
14431 SPD
( 1)
SPD “ K
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12.4

12.3

- (
Hertz,Krogh,and Palmer[1991],Hutchinson,Lo,and Poggio[1994],Poggio

and Girosi[1990], and White[1992] for overviews of this literature)

(  Barron and Barron [1988]) 12.4.1

” 12.4.2 12.4.3

12.4.1
McCulloch and Pitts(1943)
(binary threshold model) Y 0 1
X, j=L...,3 J

J

Y=9(@ b,X,-m (12.4.1)
j=1
il u®o0

u) =i 12.4.2
L0 P (12.4.2)

Figure 12.7 Binary Threshold Model

(12.4.1) X, b,
m
90 12.7
Heaviside (12.4.2)
( 12.8)
g(u) = 1_u (12.4.3)
l+e
Figure 12.8 Comparison of Heaviside and Logistic Activation
Functions
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Figure 12.9 Multilayer Perceptron with a Single Hidden Layer

Y =h(& a,9(b; X)) (12.4.4)

k=1

b, =[b,b,---b,]’ X =[X Xy X, ]

hO

hO

( 12.9)

(12.4.4)
MLP(12.4.4)
approximation property)
(  White [1992])
12.3

MLP

MLP -

White(1992)
)

(universal

12.4.2 12.4.3



MLP

MLP (12.3.11) MLP
5 a3

Y, =5.282- 14.5760(- 1.472+1.869X,) - 5.411g(- 2.628+ 0.641X,)
- 3.071g(13.288- 2.347X,) +6.320g(- 2.009 +4.009X,)
+7.8929(- 3.316+ 2.484X,) (12.4.5)
g(u) =1/(1+e") 12.10 12.3.1

(12.4.5) MLP

Figure 12.10 MLP(1,5) Moddl of Y, =sin(X,) +0.5¢

12.4.2

(RBFs)

(  Powell[1987]for a review) RBFs

( Broomhead and Lowe[1988],Moody and Darken
[1989],and Poggio and dirosi[1990])

Poggio and Girosi(1990)
RBFs

Y =m(X)
(X, Y) d X,
« ) Y, m(3 Y, X
Y =m(X)+e,  Elg|X]=0 (12.4.6)
( )
vme & (V- mex)| +1 omx ) (12.4.7)
4 D (12.4.7) m(X,)
Y, m(3 |
( Poggio and Girosi[1990])
(12.4.7)
(%) =@ b (X, U ) +D(X) (12.4.8)

=~

1
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{ud d ( ) {bd
DO K T
Poggio and Girosi(1990) hyperbasis functions

2.

(d” d) W
(Euclidean) m(y
k
M(X,) =a,+a,+a b, M (X, - U, )W W(X,-U,) (12.4.9)
k=1
a, a, DO Micchel1(1986) m(3
e—x/s2 X+52
RBF
S (-¥.,¥) 0,1

g(r(x)) g(u) =1/(1+e") MLP

(X,Y) RBF RBF ———-d(d+1)/2
wW'w {u} dk d+k+1 a, a, {bJ----

a IY - m(x)P?

12.4.3
Friedman and Stuetzle (1981)
(PPR) MLP PPR

MLP 12.4.1

PPR
K
m(X,)=a,+a am/(b X) (12.4.10)
k=1
m0) ( ) {ad {bd
a, m(X,) PPR RBF  MLP
(12.4.10)

12.4.4

36



(12.4.4) a, 0
b,
(maintained hypothese)

12.4.5 BS (Black-Scholes formula)

Hutchinson,Lo,and Poggio(1994)

Black-Scholes “ " Black-
Scholes Black-Scholes
Hutchinson,Lo,and Poggio(1994) Monte Carlo
Black-Scholes Black-
Scholes
Black-
Scholes
Black-Scholes
« )
{P)}
12.11 (
) (
) 71
91 81 5227 6847

6001
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Black-Scholes RBF
12.12 RBF

7% 006\/eP/X 1350859.79 - 0.036aP/ X - 1.356

§-045 Y% 003 1024,% - 045 5255

\/&P/X 1185289.79 - 0.036a/ X - 1.185

2+1.97
024 5&003 1024, - 024 4

o/ X - 0986 359.79 - 0.03paP /X - 0.985
+003

=+0.00
& +020 ;& 003 10248 +020

++1.62

P/ X -1.056389.79 -0.036aP/ X - 1. 056
+0.10 >
+010 4&003 10243 +0.10

+0.14P/ X - 0.24t - 0.01 (12.4.11)
toT-t  (12.4.11) RBF

)
Hutchinson, Lo, and Poggio(1994) RBF

RBF Hutchinson, Lo, and
Poggi10(1994) RBF  MLP Black-Scholes
S&P500
Black-Scholes (

Hutchinson, Lo, and
Poggio(1994)

—_—— Black-Scholes
1987 1991 S&P
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---- C

Monte Carlo

goodness-of-

fit R
12.5

(in-sample fit) (out-sample
performance)

Lo and MacKinlay(1990b)
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12.6
open questions to be
addressed.
12
12.1 ( )
(multiplicative linear congruential generators(MLCG))
X,=@X, ,+c) m a “ " Cc m
(



a=1664525,c=0, m=2%) MLCC

( 12.1.1)
1
X =) 2% AR X1 (0)  (12.6.1)
n= | , .0.
T21- X,.) x a1 °
n-1
2
X, =4X_ ,(1- X)) X,1 (01 (12.6.2)
12.1.1
( )
12.1.2 Monte Carlo MLCC
1.99999999
(12.6.1) 2 3.99999999 (12.6.2) b-—— ()
12.2 S&P500 1926.1  1994.12
5 10

Calculate the in-sample root-mean-squared-error(RMSE)of the one-step-
ahead forecast of your model and compare it to the corresponding out-

of-sample results for the test period 1986:1to 1994:12.

12.3 1965 1 1994 12 IBM  S&P500
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