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Abstract

Efficient calibration is essential for the practical application of option pricing models. The Fractional
Stochastic Volatility Jump Diffusion (FVS]) model proposed by Zhang and Yong [1] can reproduce
several stylized features observed in option markets, including the volatility smile, volatility
clustering, and long-memory effects. However, its multiple stochastic components make
conventional calibration computationally expensive. This paper proposes a two-step calibration
framework that combines a neural network with a differential evolution (DE) algorithm. In the first
step, we construct a Physics-Informed Kolmogorov-Arnold Network (PCKAN) to approximate the
FVS] pricing map. Specifically, we replace the B-spline basis in KAN with second-kind Chebyshev
polynomials and incorporate a Black-Scholes PDE residual as an additional penalty term in the
training objective, aiming to improve global approximation and enhance numerical stability and
interpretability. In the second step, the trained PCKAN is used as a fast surrogate pricer within the
DE algorithm to accelerate parameter estimation. Empirical results show that the proposed method
achieves calibration accuracy comparable to direct pricing while substantially reducing
computational time.

Keywords: Kolmogorov-Arnold network; Physical information; stochastic model; differential
evolution algorithm; model calibration

1. Introduction

Model calibration aligns option pricing models with observed market data by minimizing
discrepancies between theoretical assumptions and empirical behavior, and is therefore essential for
practical derivative valuation as well as for providing quantitative inputs to risk measurement and
hedging. Although the Black-Scholes (BS) model [2] remains widely used due to its analytical
tractability, it does not adequately reproduce key stylized market features, including volatility smiles,
volatility clustering, jumps, and long-memory effects [3-9]. To address these limitations, Zhang,
Yong, and Xiao [1] proposed the Fractional Stochastic Volatility Jump Diffusion (FVS]) model, which
combines Heston-type stochastic volatility with fractional volatility dynamics and a mixed
exponential jump-diffusion component [11-22]. Notably, Zhang and Sun [10] had previously
conducted foundational research on option pricing with double stochastic volatility, stochastic
interest rates, and double jumps, providing valuable theoretical for the development of the FVS]
model. However, the increased model complexity and high-dimensional parameterization make
calibration in practice computationally intensive and may reduce numerical stability.

Traditional model calibration methods are generally classified into two categories: statistical
inference and error minimization. In the statistical inference framework, Lin et al. [23] used maximum
likelihood estimation to optimize the free parameters of latent Gaussian models. Mulenga et al. [24]
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adopted a Bayesian approach to infer the posterior distribution of time-varying calibrated parameters
by combining priors on BS model parameters with observed underlying-asset and option data. In
practice, inference-based methods often rely on an analytically tractable likelihood or distributional
representation of the model, which can be difficult to obtain for complex settings. In the error-
minimization paradigm, Hilliard et al. [25] employed weighted nonlinear least squares to estimate
parameters of jump-diffusion models; Bukh et al. [26] proposed an error-minimization algorithm
with an adaptive adjustment rate for parameter fitting; and Gao et al. [27] applied a Gauss-Chebyshev
approximation for parameter estimation. These approaches are typically formulated as nonconvex
optimization problems and may therefore be sensitive to initialization, increasing the risk of
convergence to local minima.

Modern deep-learning-based calibration methods are commonly categorized into one-step and
two-step approaches. One-step methods learn a direct mapping from market prices to model
parameters; for example, Joseph et al. [28] calibrated local volatility and stochastic short-rate models
using stock call option and interest rate cap prices, and Shi et al. [29] used SPX option prices as
calibration targets. Two-step methods first train a neural network surrogate for the forward mapping
from parameters to prices or implied volatilities and then recover parameters via classical
optimization or inference; Biichel et al. [30] approximated Trolle-Schwartz prices with an MLP and
global optimization, while Dadah [31], Horvath et al. [32], and Gazzani et al. [33] learned mappings
from parameters and yield curves to implied volatilities and performed inverse calibration.
Compared with one-step methods, two-step methods often provide more stable calibration and retain
a clearer structural interpretation of parameters. However, their performance still depends on the
surrogate’s approximation quality and architecture, and many implementations do not explicitly
enforce no-arbitrage conditions, which can lead to economically inconsistent outputs and motivates
further methodological refinement.

The Kolmogorov-Arnold Network (KAN) [34] provides an alternative to the multilayer
perceptrons commonly used in deep-learning-based calibration and is well suited to function
approximation. To further improve its global approximation accuracy, we replace the original B-
spline basis functions with second-kind Chebyshev polynomials. To address the lack of explicit
financial constraints in many surrogate models, we embed the BS PDE into the loss function, thereby
improving interpretability and economic consistency. Building on the two-step calibration paradigm,
we integrate the Chebyshev-based KAN with the physical information and propose a Physics-
informed Chebyshev KAN network (PCKAN). In implementation, PCKAN is first trained as a
surrogate for the FVS] pricing function, and model parameters are then calibrated via the Differential
Evolution algorithm.

The main contributions of this paper are twofold. Firstly, this paper proposes a new physics-
informed neural network. Secondly, this paper proposes a new two-step calibration algorithm based
on the new physics-informed neural network. The rest of the paper is organized as follows. Section 2
presents the model and calibration problem. Section 3 details calibration algorithm. Section 4 presents
some empirical experiments. Section 5 concludes.

2. Model Calibration
2.1. FVS] Model

Q. F{F}

enote a complete probability space, where the filtration { ’}OStST

Let 0<I<T ’D } d

satisfies the right-continuity property, and : denotes the risk-neutral measure. Within the
framework of The Fractional Stochastic Volatility Jump Diffusion model [9], the evolutionary

dynamics of the asset price process g are characterized by the following system of equations (1):
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random variables such that Y=Ing follows a mixed exponential distribution with probability
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According to Thao [36] and Zhang [10], model (1) can be approximated by the following classical
stochastic partial integro-differential equation system:

. To ensure

), and the necessary conditions are

dS £,6

5 = = A0 o W o AW+ d (T (6 -D)
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Equation (3) is hereafter denoted as the Fractional Stochastic Volatility Jump Diffusion model
(the FVS] model).
1 1

:0 02:() O-ZZO Hl:_ H2:—

Remark: Whenﬂ =0 , k2 2 and 2 , model (1) reduces to the

Heston model.
According to [10], the price of a European put option is approximated as follows:

N-1 7l_k71'm
VT ~ 2 e_rTKZS){|:¢( kﬂ. je n—-m :|Uk’ (4)
n—m k=0 n—m

where
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K denotes the strike price, I’ denotes the time to maturity,” denotes the risk-free interest rate
According to [37], the integration interval [c1,c2] is defined as

[m,n]= [cl -L ‘cz

where L is a truncation coefficient
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2.2. Model Calibration Problem

From an error-minimization perspective, calibration is formulated as an optimization problem.
Using observed market prices of European put options together with observable inputs (e.g., strike,
risk-free rate, time to maturity, and the underlying price), we calibrate the FVS] model by estimating

its parameter vector. Given a set of model parameters P and option data 0 , the calibrated
parameters are obtained by solving

arg min|[P—FVSJ(0,B)|, ©)
FVSJ(0,B)

denotes the market price. The objective minimizes the pricing error between them across the available
option quotes.

where is the theoretical option price computed from Equation (4) and P

In practice, solving optimization (6) can be computationally expensive because the iterative
search requires repeated evaluations of the FVS] pricing function. To reduce this burden and improve
numerical stability, we employ a neural network as a surrogate pricing function and reformulate (6)
as an optimization problem based on the network-predicted option price:

arg minHP—NN(O,[)’)H, )

where NN(O,P) denotes the predicted price produced by the neural network. Through pre-
training, the neural network is trained to approximate the theoretical price calculated by equation (4).
It can then rapidly process parameter inputs during subsequent calibration, thereby enhancing
calibration efficiency.
3. Calibration Algorithm
3.1. PCKAN Neural Network

KAN is a neural network architecture based on the Kolmogorov-Arnold representation theorem.

f(xvxz“'xn)

combination of a finite number of univariate continuous functions as follows

f(x)=f<xl,---,xn>=Z"d>q(i<pq,,,<x,,>], ®

According to [34], most multivariate continuous functions can be expressed as a

where ¢ and Por are univariate functions. KAN operationalizes this idea by placing
learnable univariate functions on network edges: before being aggregated in the next layer, each
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input channel is transformed by an individual univariate mapping. By contrast, an MLP applies a
shared, fixed activation function to its neurons. Accordingly, the layer mappings of KAN and MLP
can be written in the simplified forms

MLP(x)=(W, ogoW, og---oW 00oW, 00), )
KAN(x)=(®, o ®, ---oD oD ), (10)

where O denotes the activation function, ~ / denotes a learnable univariate function. In practice,

each univariate function = !is parameterized by a basis expansion, for example,

O(x) = ch.Bl.(x), (11)

where € are learnable coefficients and B,(x) are B-spline basis functions defined on a grid.

In option pricing and calibration, inputs are often high-dimensional and large-scale, making the
B-spline parameterization in KAN computationally expensive and potentially prone to overfitting.
Its local support may also limit the capture of global structure. To address these issues, we replace B-
splines with second-kind Chebyshev polynomials, which provide a globally defined orthogonal basis
with efficient recurrence relations, stable evaluation, and straightforward tensor-product extensions
to higher dimensions. With this modification, we obtain the Chebyshev Kolmogorov-Arnold
Network (CKAN). The recurrence relation of the second-kind Chebyshev polynomials is given in
equation (12):

U,(x)=1,
U,(x)=2x, 1)
U, .(x)=2xU(x)-U, (x) (nx1).

CKAN retains the same overall architecture as KAN, but replaces the basis representation used
within each univariate edge function. A two-layer CKAN is illustrated in Figure 1.

Neuron computation steps Output f (xll xZ)

layer
Calculate the output Y

1x5
Application weight
Calculate the Chebyshev
polynomial
ox2
Tanh Activation

Input
layer X1 X2

Figure 1. CKAN neural network structure diagram.
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Tanh()

expands them using second-kind Chebyshev polynomials, and then aggregates the resulting features
through learnable weights. Specifically, the computation follows equations (13)-(17):

As illustrated in Figure 1, CKAN applies a normalization to map inputs to [-1,1],

X, = Tanh(X), (13)
U, =1,
U2 = 2‘XvTanh’ (14)

Un+1 = 2)(Tanhl]n - Un—l (n 2 1)’

C =stack([U,,U,---,U,]), (15)
D, _
S=>cw, (16)
n=0
Y=>Sw. 17)

These steps can be compactly written as follows

Y=["l W[ZW UAX»D- (18)

p=1 n=0

w
Equation (18) shows that CKAN employs two sets of parameters: ~ ?'” for linear feature mixing

and  ?” for weighting the polynomial expansion. This decoupling provides separate control over
linear and nonlinear components, improving modeling flexibility.

Although CKAN improves the basis representation in KAN, it remains data-driven and does
not explicitly enforce option-pricing structure (e.g., no-arbitrage and pricing dynamics), which limits
financial interpretability. We therefore incorporate the BS PDE [2] as a physics-informed constraint.
The BS PDE characterizes the price dynamics with respect to the underlying asset price and time to
maturity and provides a standard theoretical foundation for option pricing. Specifically, we embed
the BS PDE into the CKAN loss function to obtain the proposed PCKAN model. The BS PDE is given
in equation (19).

oP oP 0’P

§+7’S£+%O—2S2F—I’P:O, (19)

where P denotes the option price, ! denotes the time to maturity, 7 is the risk-free interest

rate, S denotes the underlying asset price, and O denotes the volatility of the underlying asset
price.

L
The loss function ~ #"* of PCKAN is defined in equation (20):

2
P +A0rP, + e g _Lpg 0 2Pb
ot as 2 a°S

The PCKAN loss is defined in (20) as the sum of a data-misfit term and a physics-informed term.

L F. (20)

phys

=P

pred

-P

real

P
The first term measures the discrepancy between the predicted option price = 7/ and the observed

price Frea , while the second penalizes the BS PDE residual. The hyperparameter/1 controls the
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trade-off between fitting market data and enforcing the PDE constraint. The data flow of PCKAN is
shown in Figure 2.

Backpropagation

Input \ Output

FVSJ Model Parameters Poreq

[ ] . 1]
= O =

Option Parameters Pes

= = O= i

Loss Function

b,

2
ot

el o il |
s 2 %S

I‘plns :” Ppred HPenI ”2 +A'|

T

Figure 2. PCKAN data flow diagram.

During training, the loss combines a data-misfit term (between the network-predicted and
observed option prices) with a physics term that penalizes the BS PDE residual. The PDE residual is
computed via automatic differentiation and evaluated alongside the forward pass, enabling parallel
execution and reducing the additional overhead introduced by the physics constraint.

3.2. A Two-Step Calibration Algorithm

We propose a two-step calibration procedure that integrates PCKAN with the DE algorithm. In
Step one, PCKAN is trained to approximate the mapping from model parameters and option inputs
to option prices. In Step two, the trained network serves as a fast surrogate pricer within DE to
identify parameter values that best match market quotes. The overall workflow is summarized in
Figure 3.
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f\‘__ Real Data )
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ELDSMe ] ||permes | oo | [T || werwork |||
_—_—_— , rs Network &
% rs 'g_{
7] DE Algorithm S g'
P > 1 Loss Calculation
I FVSJ Model
Parameters
= Option IGVCS‘JI Input Output
S Paramete ooe Saved Networks Ppred
k= Paramete
£ = rs
o
©
©
g Pas
i
=% DE Algorithm FVSJ Model
)
» C—>|  IPareaPreaill? Calibration
Parameters

Figure 3. Two-step calibration flowchart.

Because real-market data do not provide ground-truth parameters, calibration is performed by
minimizing pricing errors: an initial parameter estimate is obtained via DE and subsequently refined
through further optimization. Algorithm 1 details the proposed two-step procedure for the real-data
setting.

Algorithm 1. Two-step calibration via PCKAN and DE.

Input: Observed option quotes {(O}_' P )}}il ; stochastic pricing model M(L); discrepancy

loss L (-, ) ; physics-informed loss Lphys (~, ) ; DE setting.

Output: Trained surrogate f,, ; calibrated model parameters €2° for new quotes.

Step1  Offline label generation and PCKAN training

Observed option quotes {(Oif P )}’i s stochastic pricing model M(1);

discrepancy loss L (-, ) ; physics-informed loss Lp s (-, ) ; DE setting.

Extract option inputs O] and corresponding market prices P (i =1,--+, N)

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.
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For i=1,---,N do
Estimate a parameter label by solving 7 = arg min L (M(Oir ,Q), P’ ) ,
Q
where the minimization is performed using DE.
Compute the model-based target price " = M(O;,£2)
End For

Form the training set D= {((er Qir )' sz )}

N
i=1

Train the PCKAN surrogate f,, by minimizing the physics-informed objective
Step2  Online calibration using the trained surrogate

For a new option input data O]r. , with its market price Pjr calibrate

parameters by solving
Qj = arggrlnin L, (fW* (OJ’ , Q) , Pj’ )
where the minimization is performed using DE.

Return Q; .

4. Empirical Analysis
4.1. Data and Preprocessing

To evaluate the applicability and robustness of PCKAN in practice, we conduct an empirical
study using China 50ETF option data from Yahoo Finance. To ensure data quality and consistency
with the model inputs, we apply the following screening rules:

1.Remove option contracts that violate basic no-arbitrage principles, ensuring equation (21) is
satisfied:

C>max(0,S-K,S—D—-Ke™™), (21)

where €' denotes the call price and D is the present value of dividends during the option's
life.

2.Remove options with less than 1 day to expiry to avoid interference from accelerated time
value decay near expiration and also remove options with more than 255 days to expiry as they are
less liquid and have higher premiums.

3.Remove option quotes priced below 0.01, as these quotes are usually within the bid-ask spread
and have larger price fluctuations.

4 Remove all option data from half-day trading sessions to ensure complete matching with the
underlying asset index's trading hours.

After screening, the sample contains 38,610 observations, including variables such as option ID,
time, contract type, day to expire, spot Price, and settle Price. For preprocessing, settle Price is
standardized using z-score normalization. The data are randomly split into a training set (70%) and
a test set (30%). Descriptive statistics are reported in Table 1.
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Table 1. Descriptive statistics of the empirical dataset.

Dataset Basic Data Mean Variance Maximum Minimum
Day to Expire 87.13 65.70 244.0 1.0
Training Spot Price 2.57 0.16 3.0 2.3
Settle Price 0.18 0.19 0.98 0.01
Day to Expire 95.98 65.14 244.0 1.0
Test Spot Price 2.87 0.13 3.1 2.6
Settle Price 0.17 0.16 0.97 0.01

4.2. Evaluation Metrics and Experimental Design

To evaluate PCKAN for model calibration, we implement three surrogate models in PyTorch,
using PCKAN as the proposed method and the multilayer perceptron MLP and KAN as baseline
models, and conduct comparative calibration experiments. To ensure comparability, the three
networks use closely matched architectures with seven input features, nine outputs, one input layer,
five hidden layers, and one output layer; all hidden layers have width 16, and the MLP uses the
Softplus activation function. All models are trained for 200 epochs using the Adam optimizer with a
stepwise learning-rate schedule. PCKAN is trained with the physics-informed loss in Equation (20),
whereas MLP and KAN are trained with the mean squared error (MSE) loss in Equation (22)

I < N
MSE==> (v, -3)", (22)

i=1

where?iand ¥ denote the true and predicted values for the i-th sample, and”? is the number

of samples.
Calibration performance is evaluated using approximation error (AE) and calibration error (CE),

defined in Equations (23)-(24)

1 n
AE — _Z (PiTrue _ PiPCKAN )2. (23)
n g
1< -
CE=—)(P"™ - FVSJ,(0.B)). (24)
nio
TRUE PCKAN 3
where " is the market price, " is the PCKAN output, and~~ denotes the calibrated

parameter vector. All experiments are run on a laptop with an Intel Core i7-14650HX CPU (2.20 GHz)
and an NVIDIA GeForce RTX 4060 GPU with 8 GB VRAM.

4.3. Experimental Results and Analysis

Table 2 reports the training mean squared error (MSE) of MLP, KAN, and PCKAN on the
empirical Heston and FVS] datasets.

Table 2. Training MSE of MLP, KAN, and PCKAN on the Heston and FVS] datasets.

Dataset MLP KAN PCKAN
Heston 2.2x10-4 7.4x10-2 1.6x10-4
FVS] 5.8x10-4 9.0x10-1 3.2x10-4

Table 2 shows that PCKAN attains the lowest training MSE in both cases, with 1.6x10-4, on the
Heston dataset and 3.2x10-4 on the FVS] dataset, compared with 2.2x10-4 and 5.8x10-4 for MLP and
7.4x10-2 and 9.0x10-1 for KAN, respectively. Overall, these results suggest that PCKAN fits the
training data more closely than MLP and KAN under the same experimental setting.
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Calibration is performed on the validation sets of the empirical Heston and FVS] datasets using
the pre-trained PCKAN and MLP surrogates, and the calibration time is recorded. Table 3 reports the
resulting calibration errors. Table 3 shows that PCKAN yields lower errors than MLP for both models,
with 5.6x10-5 versus 7.4x10-5 on the Heston dataset and 4.0x10-6 versus 8.2x10-6 on the FVSJ dataset.
These results indicate that, under the same calibration procedure, PCKAN achieves smaller residual
pricing errors on the validation data than the MLP benchmark.

Table 3. Comparison of calibration errors for PCKAN and MLP on the Heston and FVS] datasets.

Dataset MLP PCKAN
Heston 7.4x10-5 5.6x10-5
FVSJ] 8.2x10-6 4.0x10-6

Furthermore, Figures 4-7 compare the fitted option prices produced by MLP and PCKAN
against market prices for the Heston and FVS] datasets.
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Figure 4. PCKAN: Predicted vs. market option prices on the FVS]J dataset.
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Figure 5. PCKAN: Predicted vs. market option prices on the Heston dataset.
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Figure 6. MLP: Predicted vs. market option prices on the FVS] dataset.
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Figure 7. MLP: Predicted vs. market option prices on the Heston dataset.

Figures 4-7 show that across both model settings, PCKAN tracks the market prices more closely
than MLP, with smaller deviations in periods of pronounced market stress, such as the 2018
drawdown and the heightened volatility during the 2020 pandemic. Notably, PCKAN achieves
higher calibration accuracy when paired with the FVS] model than with the Heston model. A
plausible explanation is that the jump and stochastic-variance components in FVS] introduce stronger
nonlinearities, for which the physics-informed training objective provides a more effective
regularization signal, improving fit in regions associated with jumps and tail behavior.

Table 4 reports the average calibration time per observation. For the Heston dataset, PCKAN
requires 7 s per calibration, compared with 3 s for MLP and 34 s for the benchmark method. For the
FVS] dataset, the corresponding times are 37 s, 17 s, and 740 s, respectively. Although PCKAN is
slower than MLP, it substantially reduces runtime relative to the benchmark method, by factors of
4.9 (Heston) and 20.0 (FVS]).

Table 4. Calibration time per observation for PCKAN, MLP and benchmark method.

Dataset MLP PCKAN Benchmark Method
Heston 7 3 34
FVS] 37 17 740

To illustrate the implications at scale, calibrating the full FVS] sample would take approximately
40 hours with PCKAN versus about 330 hours with the benchmark method, representing an 8.25-fold
reduction in total wall-clock time. These results suggest that the benchmark method can be
computationally prohibitive for large datasets, whereas PCKAN offers a more practical runtime for

batch calibration.
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5. Conclusions

This study proposes a two-step calibration framework based on a Physics-Informed Chebyshev
Kolmogorov-Arnold Network (PCKAN) to improve the efficiency-accuracy balance in calibrating the
FVS] model. The framework replaces the B-spline basis in KAN with second-kind Chebyshev
polynomials to reduce computational overhead and incorporates Black-Scholes partial differential
equation constraints to impose pricing structure. PCKAN is trained offline as a surrogate for the FVS]
pricer and then used online for fast parameter calibration to market quotes.

Empirical experiments are used to evaluate the method. Across the Heston and FVS] settings,
PCKAN yields lower training and calibration errors than the multilayer perceptron and the original
KAN under the same experimental configuration, while substantially reducing runtime relative to
benchmark calibration based on repeated model pricing. The empirical results further show that the
calibrated prices produced by PCKAN track observed market prices across different market regimes.
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