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Abstract

Risk management models for cleared options at Central Counterparties (CCPs) conventionally
rely on simulations of risk factors such as underlying prices and implied volatilities to generate
option price returns. These models compress rich market information and introduce model-
dependent biases. This paper presents a model-independent methodology for simulating option
price returns by capturing changes in risk-neutral distributions (RNDs) derived from historical
option prices. The approach involves training a Tabular Variational Autoencoder (TVAE), a
deep generative model, to learn and generate daily variations in RND based on observed
historical patterns. The approach is evaluated on Indian options market data and demonstrates
superior performance to Monte Carlo simulations in capturing option price return distributions.
This method provides CCPs with a more accurate framework for risk measurement, margin
setting, stress scenario design, and model validation.
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1 Introduction and Related Literature

Central counterparties (CCPs) play a critical role in financial market stability by interposing them-
selves between trading counter parties and guaranteeing settlement (Domanski, Gambacorta, &
Picillo, 2015). To fulfill this mandate, CCPs must maintain a robust risk management framework
that includes the setting of initial margins, the construction of stress scenarios, and the validation
of margin and risk models. These processes are essential to ensure that potential portfolio losses are
covered with a high confidence over a defined margin period of risk, appropriate financial safeguards
are built to ensure resiliency in extreme but plausible market conditions, and margin and stress
testing methodologies are appropriate, robust and responsive.

Options markets pose unique challenges for these tasks: contracts roll forward, new strikes and
expiries are listed, liquidity shifts across the chain, and portfolio P&Ls depend upon joint dynamics
across strikes and maturities. CCP risk models typically address them by using risk-factor based
approaches which compress complex option surfaces into simplified parametric models. Such models
apply shocks to a small set of risk factor returns, typically underlying price and implied volatility
(IV), and estimate option price returns using theoretical pricing models based on such risk-factors.
Instead, we propose a model-independent approach that represents option surfaces in risk-neutral
distribution space, enabling more accurate price simulations through a deep generative model.

1.1 Risk management models for options and their limitations

Risk management models for options typically involve simulating changes in underlying risk factors
and using an options pricing model to obtain prices given the changes in these risk factors. This
simulation-driven methodology ties the price of an option to the key variables affecting the price
such as spot price, volatility, interest rates and captures non-linear sensitivities.

The primary risk factors affecting option prices are the returns and volatility of the underlying
asset. Prior studies propose several methods for simulating these risk factor returns. For example,
Monte Carlo methods can be used to simulate risk factor returns by generating paths for these
risk factors (Glasserman, 2004, Boyle, 1977). Alternatively, Filtered Historical Simulation (FHS)
adjusts historical factor returns to align with current market conditions by scaling the volatility of
returns (Barone-Adesi, Giannopoulos, & Vosper, 1999). After simulating risk factor returns using an
appropriate method, option prices for each simulated state can be calculated using a suitable options
pricing model. This may involve the classical Black-Scholes-Merton model (Black & Scholes, 1973))
or models that account for specific market features, such as return discontinuities (Merton, 1976)),
stochastic volatility (Heston, [1993), or variations in implied volatility surfaces (Hagan, Kumar,
Lesniewski, & Woodward, 2002).

This simulation-based approach is often necessary due to the structure of options markets. Op-
tion contracts typically have short lifespans, with liquidity concentrated in specific periods. As new
expiries are introduced and strike sets adjust to changes in the underlying asset’s price, liquidity
tends to focus on certain strikes and expiries (Etling & Miller Jr, |2000). As a result, option chains
for liquid options over extended periods are not directly comparable. To address these challenges
of rolling maturities and sparse market quotes, implied volatilities are frequently organized into



delta/moneyness and tenor grids (Eurex Clearing, 2022), or represented using parametric smile
models. This consolidates the cross-sectional information from the full surface of strikes and matu-
rities into a reduced set of risk factors, losing some price information in the process.

Implied volatility is derived from market prices through a process involving price inversion using
a selected pricing model. Smiles are fitted using parameterized models or interpolation schemes.
Theses steps introduce modeling assumptions that may bias the resulting scenarios. Additionally,
pricing models are sensitive to parameter choices, which can affect the accuracy of the simulations
(Christoffersen & Jacobs, [2004)).

Deep learning models can improve prediction accuracy of financial derivatives pricing since
financial markets exhibit stochastic volatility and jumps (Jang & Lee, [2019). Generative Adversarial
Networks (GANs) have been found to outperform conventional Monte-Carlo based simulations for
option pricing (Choi, Ryu, Byun, Na, & Song, 2025), portfolio hedging (Buehler, Gonon, Teichmann,
& Wood, [2019), etc. However, we did not come across any literature that applies deep generative
models to simulate option price returns for risk management. We propose extending generative
modeling techniques to construct realistic return distributions for options, thereby enabling more
robust risk assessment and stress testing frameworks.

1.2 Proposed model and contribution

We propose an alternative framework that uses all available price information without impos-
ing buckets for implied volatility. We estimate the risk-neutral cumulative distribution function
Fg(x) = Q(Sr < z) from observed option prices. We represent the result on a standardized mon-
eyness grid so that surfaces are comparable as contracts roll. F;;?(x) denotes the cumulative prob-
ability distribution of the underlying price at a time 7', which when used to compute the expected
payoff of an option (conditional on it being in the money) and discounted at the risk-free rate, re-
produces the observed market price of the option. Instead of simulating future values of risk factors
and obtaining option prices with a pricing model, we simulate day-over-day changes AFQQ(x), and
then apply such changes on the current FTC;? () to simulate it’s future values. From such simulated
set of FIC? (x), we obtain option prices by discounting the expected payoff under such distributions.

To model and generate synthetic AFTQ2 (x) values and simulated option prices, we adopt the following
approach:

1. We obtain Fjg (z) from observed option prices and estimate their values over a standard
moneyness grid M . It is emphasized that ch;?(:v) is constructed using all available option
price information. Since such estimation of FYC? (x) is non-parametric, day-over-day changes in
its values can only be constructed by sampling its values for a large sized standardized grid.

2. We calculate daily changes AF2(x) Vo € M.

3. We apply principal component analysis (PCA) to obtain a set of components Z that explain
most of the variation in AFY(z).

4. We train a Tabular Variational Autoencoder (TVAE) model to learn the conditional distri-
bution of Z using time-to-expiry 7 as the conditioning variable.



5. We generate simulations of Z using the trained TVAE model conditioned on 7.
6. We obtain AFj(i2 (x) from simulations of Z by applying inverse PCA.

7. For a given day t, we simulate next day’s Fﬁ(x) as:

Fi(x) = Ff,(x) + AFF (o)
8. We obtain prices for different option contracts using Fj% ().

We use data from the Indian options market, one of the largest in the world in terms of number
of contracts traded to test the proposed methodology. We train the TVAE model on four years
of training data and test it on one year of out-of-sample data, focusing on two maturities (weekly
and monthly) with three buckets of moneyness per day. We evaluate the proposed method against
a benchmark Monte Carlo simulation which simulates shocks to the underlying asset price and
volatility, and then reprices options using these simulated shocked values. Using the continuous
ranked probability score (CRPS), we measure how well model implied price change distributions
matches the actual option price returns. We find that the proposed method consistently performs
better than Monte Carlo simulations.

Our proposed methodology may be valuable for risk management in CCPs including margining,
stress test design, model validation etc. This methodology provides distribution of option price re-
turns, which can be used directly for risk measures like Value-at-Risk (VaR) and Expected Shortfall
(ES), setting margin requirements, designing stress scenarios, and validating models. Tt addresses
the operational limitations discussed previously: (i) it restores comparability under rolling contracts
by mapping risk-neutral distribution onto a standardized moneyness grid, which turns the daily,
irregular option chain into a fixed-dimension representation. This eliminates the need for IV buckets
or parametric surface models. (ii) it uses the full set of observed option prices rather than com-
pressing the surface into a handful of buckets. (iii) it avoids model-dependent smile assumptions by
working directly with the distribution implied by prices, without inverting to implied volatilities.
In this way, the approach remains model-independent at the scenario level.

The remainder of the paper is structured as follows: Section 2 gives an introduction to risk
neutral distributions and deep generative modeling. Section 3 describes the methodology in detail.
Section 4 presents the empirical analysis and results. Section 5 concludes the study.



2 Background on Risk Neutral Distributions and Deep
Generative Models

2.1 Risk Neutral Distributions

The risk-neutral distribution is the distribution of the underlying asset’s price at expiration such
that, when used to compute the expected payoff of an option (conditional on it being in the money)
and discounted at the risk-free rate, it reproduces the observed market price of the option. In
other words, if price of a call option at strike price K and expiry T' (and remaining time to expiry
T =T —t) is Ckr and the risk -neutral probability density function is f? (x), then

Cxkr=e"" /: (St — K) f7(Sr) dSt (1)

=K

Differentiating twice with respect to K and rearranging, we get

This result is known as the Breeden-Litzenberger formula (Breeden & Litzenberger, |1978)).

In our paper, we use the cumulative distribution function FQQ(K ) instead of the density function
f2(K) because the monotonicity and [0,1] bounds of the F2(K) make it easier to model with neural
networks than the density function f:,Q(K ). The expression for F:,C? (K) can be obtained by taking
the first derivative of equation [I]

oC *
GII?T =—e " /STK fjcg(ST) dSr (3)
then [1]
| e ase =1 FR0 (@)
Sr=K

Thus, the cumulative distribution function F2(K) will be,

e’ aOK,T (5>

FAK)=1+ i

USince FE(K) = [ f2(Sr) dSr and [*_ f2(Sr) dSr + [0 f¢(Sr) dSr =1
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In practice, this derivative can be computed using finite differences over adjacent strikes as,

C(Ki_,_l, T) — C(Ki, T)
K1 —K;

FR(K) ~ 1+ (6)

Also, if discrete points of FZ,C?(KZ) are available Cx r can be calculated as a discrete equivalent of
equation [I]

X 1—F9K)+1- FYK,;
CK,T ~e T Z T ( ) +2 T ( +1) AK (7>
=K

2.2 Deep Generative Models
2.2.1 Background

Generative models are a type of machine learning models designed to generate new, synthetic data
such that it closely resembles the data they were trained on (Jebara, 2012). Unlike discriminative
models, which focus on mapping the inputs to outputs, generative models aim to learn the under-
lying data distribution so that they can create realistic samples mimicking the given dataset from
this learned distribution. This property is particularly useful in finance, where realistic synthetic
datasets can support tasks such as scenario generation, stress testing, and data augmentation in
settings where historical records are limited.

Deep generative models are a class of generative models which rely on neural networks to learn
the underlying structure of data and to generate new observations that resemble the original. Unlike
traditional models, which assume an explicit data distribution and learn the parameters of this
distribution, in generative deep models, the weights of the neural network are trained such that
they can recreate the original data and the parameters are learned implicitly.

2.2.2 Variational Autoencoders

Autoencoders are a type of deep learning models which map data into a lower-dimensional latent
space representation and then reconstruct the data from this representation (Hinton & Salakhutdi-
nov, 2006). Conceptually, an autoencoder consists of two complementary components: an encoder
and a decoder. The encoder compresses the input data into a lower-dimensional, compressed latent
representation while the decoder reconstructs the original input from this compressed representa-
tion. By learning to reproduce its input as accurately as possible, the autoencoder identifies the
essential patterns and structure present in the dataset. Essentially, the latent space learned by the
autoencoder acts as a parameterization of the data distribution.

Let € R? denote a single data point in the high-dimensional space. The encoder is defined as

a parametric mapping
fo:RY > R



where k is the dimensionality of the latent space such that £ < d and ¢ represents the encoder
parameters. These parameters are essentially the weights of the underlying neural network that
is trained as part of the autoencoder. If the latent representation is denoted by z, then it can be
represented as

2= fy(x), z€RF

Similarly, the decoder can be defined as the mapping
go - RF — RY,

which aims to reconstruct the original input from the latent representation z. Here, 6 denotes the
decoder parameters. The output of the decoder can be denoted as

& = go(fo(x))

The training objective is to find parameter values (¢, ) that minimize the discrepancy between the
input x and its reconstruction z. This discrepancy is often quantified using a reconstruction loss,
L, given by:

N
1 i i ]2
£(6,0) = 5 2_ll=" = go(fo(@))
i=1
where N is the number of training samples.

Gradient descent algorithm is used to minimize the reconstruction loss in Autoencoders by
iteratively adjusting the model’s parameters (weights of the neural network) to reduce the difference
between the input and its reconstructed output. It works by computing the gradient of the loss with
respect to the parameters via backpropagation, then updating them in the direction that lowers the
loss, typically using small steps scaled by a learning rate. However, as Autoencoders represent the
input data as a single deterministic latent vector, z, they are unable to generate new, synthetic data
points resembling the original data. Sampling random z values would yield random and irrelevant
outputs. These models are optimized for dimensionality reduction and reconstruction of original
data from the latent vector.

Variational Autoencoders (VAEs) are a class of Autoencoders that learn the parameters of
a probabilistic distribution over the latent space, rather than a single deterministic latent vector,
enabling generative modeling by imposing a structured, continuous latent space (Kingma & Welling,
2013). Unlike the single latent vector in Autoencoders, this provides a smooth and continuous latent
space which is suitable for sampling.

Let z € R? denote a single data point in the high-dimensional space and z € R¥ represent the
lower-dimensional latent variable where k < d. In a Variational Autoencoder, the encoder will map
the input = to a probability distribution g4(z|x) and learn the parameters ¢ of this distribution.
Typically, a Gaussian distribution A (u, 02) is used in the probabilistic latent space and the encoder
learns the parameters p and o2 of this distribution.

A decoder is a neural network which takes in the latent variable z from the encoder output
and will output the distribution py(z|z), where 6 represents the parameters of decoder. It will then
generate new data & ~ pg(x|z) from this distribution. During the training run, a loss function
follows the decoder to calculate the difference between the original data and the generated data.
However, in a VAE due to the inherent randomness in the latent space, the reconstructed data & will



differ from the original data x unlike the Autoencoder model where the original and reconstructed
data are supposed to match as closely as possible. Therefore, in a VAE, the loss function measures
how well the distribution py(z|z) can produce outputs close to the real data z.

The loss function in the VAE is the negative Evidence Lower Bound (ELBO) and it aims to
maximize this value. It tries to approximate the likelihood log py(x|z) of the data. The Evidence
Lower Bound is defined as:

Lpreo = By, z1z) [l0g po(2]2)] — Dicr(gs(2])[|p(2))

Tabular Variational Autoencoders (TVAE) are an extension of VAE which are designed to handle
continuous and categorical variable data in a tabular format (Xu, Skoularidou, Cuesta-Infante, &
Veeramachaneni, 2019). VAEs are designed for smooth and continuous domain data such as images
but struggle with data with mixed data types. To accommodate tabular data with mixed data
types, TVAEs make a few modifications: (i) they use mode-specific normalization to pre-process
the rows. Continuous columns are split into a scalar («), which is the normalized value within
a mode and one-hot vector (), the mode from a fitted Gaussian mixture. Discrete columns (d)
are kept as one-hot encoded vectors. (ii) TVAE models a joint distribution for the mixed types -
Gaussian distribution for the scalar («) and softmax for the mode indicator (3) and discrete value
(d). (iii) TVAE modifies the ELBO loss to account for these joint distribution values.

2.2.3 (Generative Adversarial Networks

Generative Adversarial Networks (GANs) consist of two neural networks trained in opposition: a
generator G and a discriminator D (Goodfellow et al., 2014)). The generator maps a latent variable
z ~ p(2), typically drawn from a simple prior distribution such as a multivariate Gaussian or uniform
distribution, into the data space, producing synthetic examples & = Gy(z). The discriminator
receives either real samples & ~ pgata Or generated samples Z, and outputs a probability Dy(z) €
[0, 1] representing probability of the input being a real sample (rather than being a generated
sample). Training is formulated as a two-player minimax game:

minmax Eovp,,,, [10g Do ()] + Eonpis) [log(L = Dy(Co(2)))]-

The discriminator is trained to maximize its ability to distinguish between real and generated
data, while the generator is trained to minimize this objective by producing samples that fool
the discriminator. At the theoretical Nash equilibrium of this game, the generator distribution pg
matches the true data distribution pgata, and the discriminator outputs Dy(x) = % for all z, meaning
it can no longer distinguish real from synthetic samples. In practice, D; and Gy are updated
alternately: the discriminator is first trained to improve classification accuracy, then the generator
is updated using gradients propagated through the discriminator to improve sample quality.

Despite their theoretical appeal and success in domains such as image synthesis, GANs are
difficult to train reliably. In our study, we found the GAN to suffer from mode collapse (Goodfellow
et al., 2014, Kossale, Airaj, and Darouichi, 2022). Mode collapse occurs because the generator
discovers and exploits a few modes that successfully fool the discriminator while ignoring other



regions in the data distribution ! For this reason, despite their theoretical potential, GANs proved
impractical for our objectives.

3 Proposed Methodology

This section provides the details of the proposed methodological framework. Figure [1| provides a
diagrammatic representation of the methodology, which is discussed in detail in the subsequent
section.

[Figure (1| about here]

3.1 Pre-processing

We are given an observed option chain of call and put options over a range of strike prices. Let
Ck,r and Pk r represent the call and put price of the option at a strike K and expiry 7. We correct
illiquidity-induced mispricing in the option chain with a two-step approach (Cohen, Reisinger, &
Wang, 2020):

1. Initial price adjustment to ensure Put-Call parity

To correct for imbalances in liquidity between call and put options, the put-call parity principle
(Hull, 2009) is applied. For strikes where the volume of put contracts exceeds that of calls,
the call price is corrected using the corresponding put price, and vice versa. The adjusted
prices are

CK,T — PK,T + Sy — Ke ', if VPK,T > VCK,T
PK,T <—— CK,T — S() + K@iw’, if VCK,T > VpK’T

where Ve, . & Vp, . represent the trading volumes of call & put options respectively.

After ensuring Put-Call parity, only the call prices are used for subsequent analysis.

2. Other Adjustments to ensure Arbitrage-Free Prices

The option prices are constrained by the following additional conditions:

(a) Monotonicity of Call Prices:  Cg,r > Ck,,, 1
(b) Strike Sensitivity Constraint: ‘C’K T — CK“T} < K — K
(c) Butterfly Arbitrage Constraint (Non-negativity):

i+1,

Crivvr—2Ck,7+Criyy7 20

2Results of GAN implementation on our data which was found to lead to mode collapse can be provided on
request.



The optimization problem subject to the above constraints can be formalized as:

. b 2
min (C¥r — Cr,r)
Ck,,T ;

where C§%; is observed market price of the call option Ch, .

3.2 Estimation of risk neutral distribution

Having obtained arbitrage-free call option prices, the values of cumulative risk-neutral distribution
F;? () can be obtained at each of the strikes K; using equation @

Since option chains exhibit different ranges of available strikes across maturities due to changes
in the underlying asset’s price, we transform the underlying price into moneyness (K;/.S) by dividing
the strike price K; with the contemporaneous spot price S. Next, we desire to estimate the values of
F;? (x) on a standardized grid of moneyness M for each of the maturities T' to enable identification
of differences in Fjg(x) across days. We train a separate neural network for each trading day and
each expiry T to learn the mapping from moneyness to the Fjg ().

gr:R—10,1], gr(z)=~ FIQ(J?)

where x € R denotes the moneyness value. Once trained, we evaluate the mapping on the standard
grid of moneyness values M obtaining,

F;;?(m) ~ gr(m), meM

3.3 Feature creation

For each trading day t, difference in the values of FQQ (m) over successive days for each expiry T is
calculated as
AFY

(m) = E9

2 (m) — F2,(m) (®)

When the moneyness grid M is finely defined, the number of AF¥(m) values becomes very
large, which introduces computational difficulties in training the generative model. Many of the
values in the grid, especially those deep in and out of the money, may also be invariant. Therefore,
we carry out Principal Component Analysis (PCA) to reduce the dimensionality of the AFIC?(m),
which yields principle components Z; which explain most of the variance in the data.

3.4 Model training

We construct a training dataset of the principal components Z; and time to expiry 7 =T — ¢, for
trading date ¢ and expiry 7. We train a Tabular Variational Autoencoder (TVAE) model on this
dataset to sample synthetic Z; values conditioned on 7. For the purpose of this study, we used the
implementation of the TVAESynthesizer model from the sdv package (Xu et al., |2019).
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3.5 Generation of simulated option prices

Suppose it is desired to generate returns of option prices for an out-of-sample day d. We generate
simulations of Zj, for a given 7 = T — d using the trained TVAE model. We then generate corre-
sponding values of AFIC?’ 4(m) by applying inverse PCA on Z; simulations. We generate simulations
for next day’s cumulative risk-neutral distribution as

Fg g (m) = Ffy(m) + AFg,(m) (9)

The resulting synthetic FIQ 441(m) set of values spans over the moneyness grid M defined earlier.
We obtain the spot price S corresponding to each of the moneyness values m = K/S by multiplying
them with the underlying price on day d.

Finally, we can then calculate the call option prices using equation

3.6 Benchmarking
3.6.1 Monte-Carlo Simulation

In this paper, we use Monte-Carlo simulation to benchmark the effectiveness of the proposed frame-
work. We simulate the returns in the underlying price and implied volatility, and then use these
values in the Black-Scholes pricing model to calculate option price returns under these simulations
(Alexander, 2009). The summary of the methodology is as follows:

1. Risk factor specification: We consider two primary risk factors that drive option prices over the
training period: the daily log returns of the underlying asset price and the implied volatility.
In practice, CCPs use buckets based on moneyness and tenor for modeling implied volatility
returns (Eurex Clearing, |2022). Accordingly, we have used such bucketing.

2. Generation of simulations: We construct the covariance matrix of the risk factors and using
it’s Cholesky decomposition, generate simulations having the joint distribution of returns in
accordance with the covariance matrix.

3. Generation of option prices: We use these simulated risk factors as an input to the Black-
Scholes pricing model to generate simulated option prices and their log returns.

3.6.2 Continuous Ranked Probability Score (CRPS)

We aim to benchmark the option price return simulations produced by the deep generative model
against those generated through Monte Carlo simulation. As the deep generative model yields a
non-parametric distribution without a closed-form representation, conventional evaluation methods
such as log-likelihood cannot be applied. Therefore, we employ the CRPS as the evaluation metric
(Matheson & Winkler, [1976)).
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The CRPS is a proper scoring rule used to evaluate the quality of distributional forecasts by
comparing a predictive distribution with the observed outcome. Let the predictive distribution be
defined on a finite or countable set {z1,xs,...,2,} with cumulative distribution function (CDF)
F(xzy) = Zle pi, where p; denotes the probability assigned to outcome z;. If the realized outcome
is y, the CRPS for the discrete case can be written as

n

CRPS(Fy) = Y (F(wx) = Ligy2y)” Ay,
k=1

where Azy, represents the step size between consecutive support points (often taken as one when the
support is equally spaced), and 1y,,>, is the indicator function that equals one if z; > y and zero
otherwise. This summation form is the discrete analogue of the integral definition in the continuous
setting. Lower CRPS value indicates a better performance of a distributional forecast.

4 Empirical Analysis and Results

National Stock Exchange of India (NSE) is one of the leading markets in the world offering multiple
asset classes. We use the options market data from NSE’s equity derivatives market, which is one
of the largest derivatives market in the world in terms of number of contracts traded. We consider
the data for options based on the NIFTY index - which is the flagship stock market index for NSE.
We use NIFTY index options over a four-year training period (March 2019 - December 2023) with
a one-year out-of-sample test data (January 2024 - December 2024). We use a four-year training
period because it yields about 1000 historical days for simulation which matches the historical look-
back period used by CCP margin models in practice ﬁ In the training and test data, we considered
weekly and monthly expiries of NIFTY.

4.1 Analysis
4.1.1 TVAE: Model Training and Simulations

To train the model, the risk-neutral cumulative distribution functions Fjg(x) were estimated for
each trade date and expiry (weekly and monthly) during the training period. Considering the
available market prices of traded options, the value of FTC? () was estimated at available strikes. A
deep neural network is fitted to estimate the values of the Fj(? (m), for m € M over a standardized
grid M E] The standardized grid M spans 100 equidistant moneyness values over the range [0.9,
1.1].

Day-over-day changes in AFIQ (m) are calculated and Principal Components explaining most of
the variance in AF¥(z) are identified using PCA. It was observed that 5 components explain 97.6%
of the variance in AFTC;2 (m). The 5 components were selected for further analysis.

3For example, Eurex Clearing uses 750 historical observations (Eurex Clearing, [2022), JSCC uses 1250 historical
observation days (Japan Securities Clearing Corporation, |2025]).
4The network has 4 hidden layers with ReLU activation function (Glorot, Bordes, & Bengio, [2011)).
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After training the TVAE, the trained model was used to generate 1000 simulations of AFY (m)
Pl The risk neutral distribution was calculated for each trade date and expiry for the out-of sam-
ple period and then option prices and returns corresponding to each simulation of AFYC;2 (m) were
calculated.

4.1.2 Monte-Carlo: Feature Selection and Simulations

For each trading day, three moneyness buckets (K/S) were defined as follows:

In-the-money (ITM): (0.97, 0.99),
At-the-money (ATM): (0.99, 1.01),
Out-of-the-money (OTM): (1.01, 1.03)

These buckets were created for weekly and monthly expiries separately, giving a total of six
buckets. The most liquid contract for each of the buckets for a given trading day was considered
and the return of implied volatility for such representative contract over the day was considered
for that bucket. Using the covariance matrix of the risk factors (i.e. underlying price and implied
volatility), 1000 simulations were generated. For each of the trading day during the test period,
the risk factors were shocked by the generated simulations and the option prices and returns were
calculated using Black-Scholes model.

4.1.3 Benchmarking

We considered all liquid contracts in the test period for evaluation. Distribution of option price
returns from Monte-Carlo simulation and TVAE model were considered. CRPS values for calculated
for each contract. For the purpose of benchmarking, we aggregated the CRPS values for each bucket
to get 6 CRPS values for each trading date.

4.2 Results

Figure [2| shows the risk-neutral density and corresponding cumulative distribution function FYQ (x)
for a sample date 2019-11-25 and weekly expiry (7 = 3). It is observed that the density function
is not smooth and has spikes at certain strikes. The phenomenon of ”pinning”, where underlying
asset closes near certain strikes has been empirically observed and can explain such spikes in the
density function (Avellaneda and Lipkin, 2003, Golez and Jackwerth, 2012). The corresponding
F2(x) is obtained in accordance with equation @ The figure shows the F¥(z) estimated by the
neural network trained on the observed values.

[Figure [2 about here]

®This is in line with approximate 1000 simulations used for historical VaR in CCPs.
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Such F¥(z) are estimated for each trading date and expiry. Figure [3| shows the values of F2(z)
for a given expiry (2019-11-28) for two separate trading dates (2019-11-25 and 2019-11-07). The
plotted values correspond to neural network estimates on a standardized grid of moneyness (K/S).
As expected, the FIQ plots become steeper as the 7 reduces.

[Figure [3| about here]

The day-over-day changes AF;2 (x) values for a given time to expiry 7 are constructed from the
training data. Figure [4] shows the values of such changes for 7 = 3 from the training data. It can
be observed that there is a lot of variability in the AFZ(x) values in the ATM region while ITM
and OTM regions show less variability. The AF;;2 () values indicates the rate of change in the
cumulative distribution. We observe that training data encompasses a diverse set of scenarios with
sharp as well smooth changes in the risk-neutral distribution.

[Figure {4 about here]

The historical observations of the changes AFZQ(ZB) conditioned on time to expiry 7 =T — d
are applied to a risk-neutral cumulative distribution ch;2 4(z) to obtain simulated ch? a1 () values.

Figure |5 shows the simulated chg 441 (in grey) and the average of such F;;? 441 (in red) for sample
date 2019-11-25. The simulated FTQ 441 €xhibits more variation in the ATM region as the probability

density function is more concentrated around the underlying price. In contrast, the FYQ a1 Shows
less variation in the ITM and OTM regions as they are present in the tail-ends of the distribution
and probability density values being very low.

[Figure [5| about here]

A distribution of forecasted log returns are obtained from the both option prices generated with
Monte-Carlo simulation and the TVAE model for each trade date and expiry corresponding to a
strike. Figure [g]shows the distribution of returns for an ATM strike generated with the Monte-Carlo
simulation and TVAE model along with the actual return value. The TVAE model produces returns
closer to the actual return as seen for the sample date 2024-12-05.

[Figure [6] about here]

For a given trade date and expiry in the test set, we calculate CRPS for each available strike in
the moneyness and tenor bucket. We then aggregate the results such that we get a single CRPS
value for each bucket for each trade date. Table [I] shows summary of key statistics of the CRPS
values for the defined buckets. It is observed that the TVAE model outperforms the Monte-Carlo
simulation on average (0.586 vs 0.943). It can be seen that TVAE outperforms Monte Carlo on five
out of the six buckets, except for OTM weekly contracts. The CRPS values for TVAE for OTM
weekly contracts also have a presence of outliers. It can be seen that TVAE outperforms Monte
Carlo on median (1.084 vs 1.69) and third quartile values (2.074 vs 2.232) , despite faring worse on
average (1.894 vs 1.709).
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[Table [1] about here]

In figure 7] we compare the distribution of CRPS values for each of the defined buckets. It is
be noted that the distribution closer to zero (lower CRPS values) shows a better performance. The
TVAE model shows outperforms the Monte-Carlo simulation method for ITM and ATM contracts
along both the maturities. The score distributions show significant overlap for OTM contracts.
OTM region in a risk-neutral cumulative distribution has little variability for the TVAE to capture
and generate a diverse set of scenarios.

[Figure [7] about here]

We check if the CRPS values show a temporal variability in the performance of the TVAE model
as compared to the Monte-Carlo simulation. For each bucket in the given trade date, we calculate
the difference in the CRPS values for each contract. We scale these values as

C
Csca & =
fed maz(|Craz)s |Crminl)

where C),.. is the greatest positive CRPS value and C,,;, is the least negative CRPS value among
all contracts belonging to a given bucket for a given trade date.. Figure [§] shows the performance
of the TVAE model for all the buckets along the trade dates in the test set. Positive values (shown
in green) indicate a better performance by the TVAE model while negative values (shown in red)
indicates that Monte-Carlo simulation was better. The positive values range from light green (0 to
0.3), green (0.3 to 0.6) and dark green (0.6 to 1.0) and the negative values range from light red (0
to -0.3), red (-0.3 to -0.6) and dark red (-0.6 to -1.0). We observe that TVAE performance is better
than Monte Carlo - across buckets and trade dates. There is no evidence to suggest that there are
regimes when Monte Carlo outperforms TVAE.

[Figure 8 about here]

5 Conclusion

Modeling of option contract returns is an important task for the purposes of risk management.
Traditionally, approaches have relied on applying shocks to underlying risk factors and generating
simulated option prices based on these risk factors. Furthermore, these approaches are constrained
by model-specific assumptions and often compress the option price surface into a set of coarse
buckets. Our proposed approach directly simulates the changes in the risk-neutral cumulative dis-
tribution and generates a distribution of option price returns from these simulations. Additionally,
our approach is pricing model-independent, handles the rolling nature of option chains with irreg-
ular set of strike prices, and utilizes the full set of observed option prices without any bucketing or
volatility surface representations. The results demonstrate that the proposed method consistently
outperforms Monte-Carlo simulations for generation of simulated option price returns.

While the current approach demonstrates strong performance against the benchmark method,
there remains further scope for enhancement. The proposed approach can be extended into a fil-
tered historical simulation—styled model, with the generated values conditioned on current day’s
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RND. Such conditioning shall allow the model to capture prevailing market conditions and output
synthetic RNDs which reflect the current regime. We employed PCA to reduce dimensionality
of the data for the purposes of computational efficiency. Model training without PCA may im-
prove results further at the cost of higher computational requirements. Nonetheless, even with
these simplifications, the proposed framework consistently delivers better results than conventional
simulation-based techniques.

Our approach will be particularly valuable for CCPs for generation of option price returns.
The output of the model i.e. distribution of returns can be used directly for risk measures such
as Value-at-Risk (VaR) and Expected Shortfall (ES) as well as for setting margin requirements.
Additionally, these approach can be used for supplementing the stress scenario design process and
conducting model validations.
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Figure 1: Proposed Methodology flowchart
The below figure shows the high-level overview of the proposed methodology
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Figure 2: Risk-neutral Density and Cumulative Distribution Functions
The figure shows the risk-neutral density (PDF) and cumulative distribution functions (CDF) for a sample day 2019-11-25 in

the training period.
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Figure 3: Cumulative Distribution Functions at 7 = 3 and 7 = 21
The figure shows the cumulative distribution functions for 7 = 3 (in red) and 7 = 21 (in blue) for sample dates 2019-11-25

and 2019-11-07 for the expiry 2019-11-28 in the training period.
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Figure 4: Change in risk-neutral cumulative distribution for 7 = 3
The figure shows the daily changes in the values of the risk-neutral cumulative distribution (in grey) along with the mean

change (in red).
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Figure 5: Simulated cumulative distributions for a sample date 2019-11-25.
The figure shows the simulated cumulative distributions (in grey) after applying the change values fromEl to the CDF in

figure |3| The average distribution (is red) is also shown below.
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Figure 6: Comparison of distribution of returns
The figure shows the distribution of returns generated for a sample test date 2024-12-05 with the Monte-Carlo simulation (in

blue) and TVAE (in red) returns along actual return value (in black).
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Table 1: CRPS Descriptive Statistics
The below table shows the descriptive statistics for the aggregated CRPS values for all the six buckets.

Mean Quantile 1 Median Quantile 3
Bucket Maturity MC AE MC AE MC AE MC AE

IT™M Weekly 042 0.211 0.262 0.076 0.405 0.176 0.553 0.3
Monthly  0.282 0.184 0.187 0.066 0.272 0.149 0.363 0.256

ATM Weekly 1.995 0.525 1.178 0.199 1.808 0.404 2.682 0.717
Monthly 0.776 0.275 0.528 0.099 0.682 0.212 0.921 0.379

OTM  Weekly 1.709 1.894 1.243 0.535 1.69 1.084 2.232 2.074
Monthly  0.652 0.545 0.415 0.162 0.62 0.339 0.851 0.591

Overall 0943 0.586 0.353 0.12 0.65 0.267 1.283 0.559
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Figure 7: CRPS kernel-density estimate distributions
The below plots shows the distribution of CRPS values for all the six buckets.
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Figure 8: Temporal nature of CRPS values
The below figure shows the temporal structure of CRPS values for all the six buckets.
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