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Non-parametric option pricing methods are techrsqtlgat attempt to price options
relying on as less parametric model assumptionpassible. Some of them do not
involve any financial theory but estimate optioices using an inductive process applied
to vast quantities of historical data. Others usmes financial assumptions to ensure
rational pricing.

Traditional parametric models are based on assomii specific parametric form for
stochastic process of the option underlying asSéts. parameters are calibrated using
some criteria, e.g. best or exact fit to pricesamhe instruments. Evolution of the famous
Black-Scholes model demonstrates the problems thightraditional approach. That is,
Black-Scholes model presented in 1973 and pionepagdmetric option pricing was
based on a number of assumptions like continudfissthn, constant volatility, constant
interest rates, Normal distribution of returns, &mce then, a wide range of models, e.g.
stochastic volatility or jump diffusion models, aging some of the assumptions have
been developed and are being developed to achiexe maalistic modelling. Often these
models produce parameters inconsistent with htstbiata time series and often are
outperformed by simple models. As attempt to overedhe problems with traditional
parametric models a new class of non-parametrichodist was introduced to price
options using as less model assumptions as possibtgeneral, these methods can be
classified into Model free non-parametric methods’ and “Rational non-parametric
methods’.

Model free non-parametric methods do not rely on any financial theory and estimate
option prices inductively from vast quantities @dtbrical data. Suppose a call option can
be priced via formul&(t) = W (S(t),K,T,a), whereQ(t) and S(t) are the option price
and its underlying asset value at tigeK is strike, T is maturity anda are some
parameters affecting pricing (they can include apsees prior ta to incorporate non-
Markovian framework). In general, model free nomgpaetric methods attempt to
estimate the pricing function&(.) using historical data for option prices. Usuathgy

are based on estimation of relationships such ash(X;) + &, =1...,n, whereZ,, X,
are some observed random variables gng a random noise. Many techniques based on

different assumptions have been developed. Amosy thre:

» Kernel-based smoothersthat use some procedures of averaging data taeeshuor,
see for example Hardle (1993), Ait-Sahalia et H96). It was shown for the case of
American option pricing that the kernel methods lbarmore accurate than traditional
parametric methods.

» Genetic programming methods based on consideration of some rules/operators and
their combinations applied to the data. The worstfggming rules are eliminated
iteratively and surviving rules are mutated by @nd selecting and crossing-over



bits from others. For example, the method for pgcAmerican put considered by
Keber (1998) is based on heuristic walk over tke tf rules to find the best pricing
rule.

» Artificial Neural Networks (ANN) that estimate prices by learning process (network
training) using vast historical data. It was dentaied that ANN can provide
accurate option pricing in many markets, see fange Malliaris and Salchenberger
[1993], Hutchinson et. al. (1994), Carelli et alOQ®). The main problems
encountered with ANN option pricing are inability nodel deep-in-the-money and

. shortest maturity options.

Pure non-parametric methods rely on availabilityhigfh frequency data and thus these
methods are suited for liquid markets while difftd@ use for pricing OTC instruments.
However, typically, there are several option priobserved at the same time (e.g. calls
for different strikes and maturities). In this sition, using model free non-parametric
methods raises difficulties because the methods diseonnected from financial
arguments and cannot capture restrictions impliethe arbitrage. For example, the call
option with strikeK; should not be cheaper than call option with stike> K; and the

same maturity.

Rational non-parametric methods incorporate relationship between option price ésd
terminal payoff into pricing scheme using theoryegjuivalent martingale measures. In
short, the theory implies that in the absence bitr@ge, discounted instrument price is a
martingale under some risk neutral probability nueasin particular, in the risk-neutral
world all assets must earn the same return anfhitheption price is a martingale. That is,
the option price is the expectation of the discedniption payoff in respect to the risk-
neutral density function. Adding risk-neutral mark@nstraints improves pure non-
parametric methods, see e.g. Barucci et al. (1997).

In general, the rational non-parametric methodengit to estimate the risk neutral
density. It is well known, that the risk-neutrastibution of the option underlying asset
can be estimated from vanilla prices. For exampléhe one dimensional case, the risk
neutral distribution can be obtained from the sdoderivative of the call price in respect
to strike. As call prices are available for a lieditnumber of strikes only, the various
interpolation techniques can be used to estimagditial distribution via the derivative.
Alternatively, some flexible parametric form of tdestribution is assumed and fitted to
the observed vanilla prices, see for example Jamod Rudd (1982) or Rubinstein
(1998).

Other rational non-parametric methods assume sameeational model, e.g. Black-
Scholes framework, where volatility is determirddtinction of the underlying and time.
Then the volatility is estimated either paramethjcar non-parametrically to match
various market option prices. Famous examples amglied Binomial Trees by
Rubinstein (1994), local volatility model Dupire9@4) and Derman Kani (1994). These
methods can be used to price exotic path deperajgitins consistently with simpler
instruments.



Further Reading

Ait-Sahalia, Y. and A.W.Lo (1995), Nonparametrictistion of State-Price Densities
Implicit in Financial Asset Prices, discussion papEE-1024-95, Sloan School of
Management, M.I.T.

Barucci, F., U. Cherubini, and L.Landi (1997), Nelunetworks for contingent claim
pricing via the Glarekin method, iif€omputational Approaches to Economic
Problems (H. Amman and B. Rustem, eds.), Kluwer AcademicblBbers,
Amsterdam, pp.127-141.

Carelli A., S.Silani, and F.Stella (2000), Profgimeural networks for option pricing.
International Journal of Theoretical and Applied Finance, Vol. 3, No. 2, 183-204.

Derman, E. and I. Kani (1994), Riding on a smitesk, 7 (2), 32-39.
Dupire, B. (1994), Pricing with a smilBjsk, 7 (1), 18-20.

Hardle, W. (1993),Applied Nonparametric Regression, Cambridge University Press,
Cambridge, UK.

Hutchinson, J. M., AW.Lo, and T.Poggio (1994), dnrparametric approach to pricing
and hedging derivative securities via learning moeks, The Journal of Finance,
Vol.49, No.3, pp.851-889.

Jarrow R. and A. Rudd (1982), Approximate Optioriudéion for Arbitrary Stochastic
Processeslournal of Financial Economics 10, 347-369.

Keber, C. (1999), Option Pricing with Genetic Paxgming ApproachJournal of
Computational Intelligence in Finance, Vol. 7, No.6, 26-36.

Malliaris, M., and Salchenberger, L. (1993), A redunetwork model for estimating
option pricesApplied Intelligence, Vol.3, No.3, pp.193-206.

Rubinstein, M. (1994), Implied binomial treédde Journal of Finance, Vol.49, pp.771-
818.

Rubinstein, M. (1998), Edgeworth Binomial Tredayrnal of Derivatives 5 (3), 20-27.

See also: Calibration of option pricing models; Neural netks (artificial neural
networks); Fuzzy logic; Genetic algorithms.



