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COMPARISON OF PARAMETER ESTIMATION METHODS FOR CKLS MODEL
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In mathematical finance, models of stock prices and interest rates are frequently expressed

by stochastic differential equations (SDE). In order to use them for option pricing and

S0 on, it is necessary to estimate their unknown parameters from observation data. We

generate data using the Euler-Maruyama approximation for SDE. Especially the CKLS

model, which includes the various interest rate processes, is considered in this paper. For

such data, we estimate parameters in the model using the generalized method of mo-

ments, Adaptive Bayes estimation and so on. We compare and discuss results from each

estimation method.

Key Words : CKLS model, Ornstein-Uhlenbeck process, Interest rate model, Parameter estima-

tion
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meth.3 ; 599 509 548
meth.4 401 - 468 493 eth.6
meth.5 491 532 - 489 a v p g
meth6 452 507 511 : all L0 3.0 03 05
Bz 0.9481 2814 03111  0.4852
x 9 BEMZ e D=2 Y v FEREED H SEC 04257 01247 0.004791  0.03847
win\ lose meth.3 meth.4 meth.5 meth.6 gL (0.9482 2 883 0.3039 0.4878
1=4 WAME 3124 3.876 0.963 1.171
meth.3 - 359 o06 461 FBUME -0.08303  1.059 01477 -0.5621
meth.4 641 - 641 596 EE 0421  -1.390  1.551 -0.1251
meth.5 494 359 - 426 EN A 2443 6761  12.06 4.362

meth.6 539 404 574 -
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o v B v

HAH 1.0 3.0 0.3 0.0
St 1.554 2.947  0.3734 0.02665
Vaniid 0.7112  0.6069  0.1005 0.4921
roefE 1.423 2.963  0.2899 0.02491
mAfE 5.808 7.230 3.466 2.643
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