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Abstract

Options hedging is a critical problem in financial risk management. The prevailing approach in
financial derivative pricing and hedging has been to firstly assume a parametric model describing
the underlying price dynamics. An option model function V is then calibrated to current market
option prices and various sensitivities are computed and used to hedge the option risk. It has
been recognized that computing hedging position from the sensitivity of the calibrated model
option value function is inadequate in minimizing the variance of the option hedging risk, as it
fails to capture the model parameter dependence on the underlying price. We propose several
data-driven approaches to directly learn a hedging function from the historical market option and
underlying data by minimizing certain measure of the local hedging risk and total hedging risk.
This thesis will focus on answering the following questions: 1) Can we efficiently build direct
data-driven models for discrete hedging problem that outperform existing state-of-art parametric
hedging models based on the market prices? 2) Can we incorporate feature selection and fea-
ture extraction into the data-driven models to further improve the performance of the discrete
hedging? 3) Can we build efficient models for both the one-step local risk hedging problem and
multi-steps total risk hedging problem based on the state-of-art learning framework such as deep
learning framework and kernel learning framework?

Using the S&P 500 index daily option data for more than a decade ending in August 2015, we
firstly propose a direct data-driven approach [143] based on kernel learning framework and we
demonstrate that the proposed method outperforms the parametric minimum variance hedging
method proposed in [112], as well as minimum variance hedging corrective techniques based on
stochastic volatility or local volatility models. Furthermore, we show that the proposed approach
achieves significant gain over the implied Black-Sholes delta hedging for weekly and monthly
hedging.

Following the direct data-driven kernel learning approach [ 14 3], we propose a robust encoder-
decoder Gated Recurrent Unit (GRU) model, GRUy, for optimal discrete option hedging. The
proposed GRUjg utilizes the Black-Scholes model as a pre-trained model and incorporates se-
quential information and feature selection. Using the S&P 500 index European option market
data from January 2, 2004 to August 31, 2015, we demonstrate that the weekly and monthly
hedging performance of the proposed GRUyg significantly surpasses that of the data-driven min-
imum variance (MV) method in [112], the regularized kernel data-driven model [143], and the
SABR-Bartlett method [98]. In addition, the daily hedging performance of the proposed GRU
also surpasses that of MV methods in [ | | 2] based on parametric models, the kernel method [ 143]
and SABR-Bartlett method [98].

Lastly, we design a multi-steps data-driven models GRUrora;. based on the GRU 5 to hedge
the option discretely until the expiry. We utilize SABR model and Local Volatility Function
(LVF) to augment existing market data and thus alleviate the problem of scarcity in market op-
tion prices. The augmented market data is used to train a sufficient total risk hedging model
GRUroraL-
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Chapter 1

Introduction

One of the critical problems in financial risk management is to hedge the risk of trading option.
The traditional approach in financial derivative pricing and hedging relies heavily on parametric
assumptions describing the dynamics of underlying asset. The common practice is to calibrate
an option pricing function based on the specific parametric model for the underlying price and
compute various sensitivities to hedge option risk. For example, the sensitivity of the option
value function to the underlying price is used in delta hedging. Under the assumption of a
complete market [165] where one can continuously rebalance the hedging portfolio, the value
of an option written on the underlying asset can be perfectly replicated by a hedging portfolio
consisting of the underlying asset and the risk-free asset. In practice, we have to rebalance the
hedging portfolio discretely instead of continuously due to the existence of the transaction cost.
The practice of adjusting the hedging portfolio discretely is often referred to as discrete hedging.

There are many parametric models proposed to describe the dynamics of underlying asset.
The original and most celebrated parametric Black-Scholes (BS) model uses a constant volatility
[20, ], which is shown to produce inaccurate option prices particularly for deeply out-of-
the-money options and deeply in-the-money options [87]. In addition, the BS model is un-
able to capture the non-zero correlation between the volatility and the underlying asset price,
e.g., [80, 22]. The practitioner’s BS delta hedging approach sets the constant volatility in the
BS model to the implied volatility calibrated to the market price at the time of re-balancing.
Many alternative parametric models have been proposed to improve the BS model, including the
Stochastic Volatility (SV) model, e.g., [99, , , 13], the Local Volatility Function (LVF)
model [45, 66, , 68], and the jump model, e.g., [100, ]. Unfortunately, all models have
been shown to have their limitations in accurately modeling option market prices.

Errors in the option value model have significant implications in hedging. Consider, for
example, when the hedging position is computed from the sensitivity of the option value function
calibrated at the hedging time, the computed hedging position only depends on the assumed
dynamics of the underlying price and the current market option prices. Unless the assumed
dynamics for the underlying price is exact and all assumptions that results in the option pricing
function are all valid, the option function calibrated at the hedging time cannot predict how the



future option market price depends on the underlying prices.

Specifically, let V(S,7,T,K,r,q;0%) be the option value function and 6* be the vector of
model parameters of the assumed option pricing model. At the hedging time ¢, assume that we
calibrate the model price to match the market option price so that

V(Si,t,T, K, 11,415 0%) = V' (1.0.1)
where Vl’"Tk’K denotes the actual market option price at time ¢ with strike price K and the expiry

date T, S; denotes the underlying price at ¢, r; denotes the risk-free rate at ¢ and g; denotes the

dividend yield at z. The option value function V (S,7,T,K,r,q; 0*), calibrated to market price at

. . . . mki . .
time ¢, does not ensure that the option delta from the pricing model ‘3—‘5/ equals to a‘é—st, which is

indeed unknown, and requires the modelling of the dependence of the calibrated model parameter

on the underlying price [143, 45, ]. The missing sensitivity ‘9—95*, is difficult to account for
and is often ignored, though for some models, corrections have been proposed to capture the

dependence [112, 98, 16].

Since machine learning algorithms usually do not impose assumptions on the model to be
learned, they have recently been adopted to determine an option value function directly from
the market data, with the goal of avoiding the model misspecification issues from the paramet-
ric modeling approach e.g.,[93, 82, ]. Unfortunately, using nonparametric learning, hedging
positions still need to be computed from the sensitivity of the model value function. While no
assumption is explicitly made for the dynamics of underlying asset, the option value function
is determined by data through cross-validation, leading to training errors. Since there is no as-
surance that the sensitivity of the learned option value function with regards to underlying asset
matches that the sensitivity of the market option price, the parameters of the model learned di-
rectly from data can similarly exhibit dependence on the underlying price. When the hedging
position is computed from the partial derivative of the data-driven option value function, e.g.,
[114], this dependence cannot be accounted for and again is ignored. Hence, option hedging risk
remains insufficiently minimized. Furthermore, many data-driven option pricing models previ-
ously proposed [93, 82, ] face the challenges in avoiding arbitrage in the resulting pricing
surfaces. Therefore, recent research [30, , ] on data-driven pricing model often focuses
on using machine learning techniques in modelling and predicting the implied volatility surface
and then use the resulting implied volatilities with Black-Scholes model to ensure the absence
of the arbitrage. Again, the dependence of the implied volatility on the underlying asset is still
omitted in those work.

Furthermore, using option delta from pricing model %—‘S/ as the hedging position becomes in-
adequate when discrete hedging is performed in practice, particularly when rebalancing becomes
infrequent. Instead, optimal discrete hedging strategy can be determined directly using an ap-
propriate objective in the discrete hedging context, e.g., minimizing the variance of the hedging
error, [112, 8, 92].

In hedging, the ultimate goal is to discover a hedging strategy which minimizes the hedging
error measured by the market option and underlying prices. With the increasing availability of



market option prices, a timely question arises: is it possible to learn optimal hedging positions
directly from market option prices and underlying prices data? Up until now, research in learning
the hedging position directly from market data is scarce. Recently, a data-driven approach [112]
is proposed to learn a parametric model for the minimum variance delta hedging based on the
analysis of the BS option greeks and underlying market prices. However, the proposed paramet-
ric model focuses on the instantaneous hedging error analysis in a parametric model framework.

In this thesis, we study the discrete option hedging problem by explicitly focusing on the
issues arising from model specification errors and calibrated model parameter dependence on
underlying. We illustrate that the inability to minimize variance of the hedging error, when de-
termining hedging position from option value function from a parametric model, is also shared
by an option model estimated from a nonparametric method. Although a nonparametric model-
ing approach to option value can potentially lead to smaller mis-specification error, we illustrate
that non-parametric model parameters can similarly depend on the underlying. Consequently
the sensitivity of the estimated option value function will not lead to the minimization of op-
tion hedging risk. Furthermore, the estimated pricing function inevitably has errors, due to both
model mis-specification, discretization, and numerical roundoff errors. The error in the value
function can potentially be substantially magnified in computing partial derivatives as hedging
positions.

We explore several direct market data-driven approaches to bypass the challenges mentioned
above to achieve effective hedging performance. We firstly propose a data-driven kernel learning
approach [143] to learn a local risk minimization hedging model directly from the market data
observed at the hedging time. We learn a hedging function from the market data by minimizing
the empirical local hedging risk with a suitable regularization. The local risk corresponds directly
to the variance of the hedging error in the discrete rebalancing period. A novel encoder-decoder
RNN model GRUg [144], to extract both sequential and local features at hedging time ¢ from
market prices, is also proposed to learn option hedging positions directly from the market. We
include a feature weighting procedure to select the most relevant local features at hedging time
and sequential features for the sequential data-driven model GRUg. Lastly, in order to deal
with multi-steps discrete total hedging scenarios where we hedge until the expiry of the option
[145], we extend our sequential local hedging model GRU g to be GRUro1a.. We compare our
data-driven approaches with the parametric approaches and demonstrate the effectiveness of the
data-driven hedging models in terms of both local hedging risk and total hedging risk.

1.1 Contribution

The contributions of this thesis with respect to the data-driven kernel hedging model [143] are
summarized below:

e We analyze and discuss the implications from model mis-specification in the option value
function for discrete option hedging. We illustrate challenges in accounting for the depen-



dence of the calibrated model parameters on the underlying, which arises due to model
mis-specification.

e We analyze a regularized kernel network for option value estimation and illustrate that the
partial derivative of the estimated value function with respect to the underlying similarly
does not minimize the variance of the local hedging risk in general, not even infinitesimally.

e We propose a data-driven approach to learn a hedging position function directly by min-
imizing the variance of the local hedging risk. Specifically we implement a regularized
spline kernel method DKLgp;, to nonparametrically estimate the hedging function from
the market data.

e Using synthetic data sets, we compare daily, weekly, and monthly hedging performance
using the kernel direct data-driven hedging approach with the performance of the indirect
approach where hedging positions are computed from the sensitivity of the nonparametric
option value function. In particular, we present computational results which demonstrate
that the direct spline kernel hedging position learning outperforms the hedging position
computed from the sensitivity of the spline kernel option value function.

e Using S&P 500 index option market data for more than a decade ending in August 31,
2015, we demonstrate that the daily hedging performance of the direct spline kernel hedg-
ing function learning method surpasses that of the minimum variance quadratic hedging
formula proposed in [1 2], as well as corrective methods based on LVF and SABR imple-
mented in [112].

e We also present weekly and monthly hedging results using the S&P 500 index option mar-
ket data and demonstrate significant enhanced performance over the BS implied volatility
hedging.

The contributions with respect to the data-driven hedging model with sequential features
] are summarized below:

e We propose a novel encoder-decoder RNN model, to extract both sequential and current
features from market prices, and to learn option hedging positions directly from the market.
We include a feature weighting procedure to select the most relevant local features and
sequential time series features for the data-driven model.

e To ensure robust learning, we use the Huber loss function as the learning objective, adap-
tively setting the error resolution parameter to the Black—Scholes hedging error, allowing
it to varying from data instance to data instance. Furthermore, the proposed GRUg can
be updated more frequently than the data-driven model in [143] to account for the market
shifts.

e Using the S&P 500 index option market data from January 2, 2004 to August 31st, 2015,
we demonstrate that the weekly and monthly hedging performance of the proposed GRU
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significantly surpasses that of the data-driven minimum variance (MV) method in [ 12],
the regularized kernel data-driven model [143], and the SABR-Bartlett method [16].

e Using the S&P 500 index option market data from January 2, 2004 to August 31st, 2015,
we demonstrate that the daily hedging performance of the proposed GRU g surpasses that
of the minimum variance quadratic hedging method proposed in [1 | 2], the corrective meth-
ods based on LVF and SABR implemented in [112], the SABR-Bartlett method [16], as
well as the data-driven model in [143].

e To motivate the roles of each major component of the proposed GRUg, we demonstrate
performance sensitivity through computational experiments. In addition, we illustrate and
analyze the relative importance of selected features.

The contributions with respect to the data-driven total hedging model [145] are summarized
below:

e We extend the data-driven local hedging model GRUg [144] to total risk hedging where
we rebalance multiple times until the expiries of the options.

e We augment the market data using SABR model and local volatility model to cope with
the challenges of scarcity in market option data.

e Using the S&P 500 index call option market data from January 1, 2000 to August 31st,
2015, we demonstrate the effectiveness on weekly and monthly hedging performance of
the proposed total hedging model GRU rora.. We compare GRUrgrap With the sequential
data-driven local hedging model GRULOSAE, which adopts the same model structure but
is trained with a different objective functions, the BS delta hedging model and the SABR-

Bartlett method [16]. The hedging performance is evaluated at the expiries of options.

1.2 OQOutline

The remainder of the thesis is organized as follows. Chapter 2 reviews the existing derivative
pricing models, discrete hedging problems, local and total hedging risk and various existing
parametric approaches to hedge options. Chapter 3 discusses the kernel learning framework and
introduces the data-driven kernel local risk hedging model DKLgp; . Chapter 4 discusses the
Recurrent Neural Network (RNN) framework and introduces the data-driven sequential local
hedging model GRUg. Chapter 5 discusses the empirical results from the data-driven sequential
local hedging model GRUg and data-driven kernel local hedging model DKLgpy. Chapter 6
introduces the data-driven total risk hedging model GRUrqrs and presents the empirical com-
parisons between local risk hedging model GRULICA! and total risk hedging model GRUoray -
Chapter 6 also discusses the challenges of using market data to build data-driven total risk hedg-
ing models and the data augmentation procedure to cope with the challenges. We conclude in

Chapter 7 with summary remarks and potential extensions.
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Chapter 2

Option Hedging: From Past to Present

In this chapter, we review the existing option pricing models and discuss the problem of pricing
model parameters dependence on underlying asset. In addition, we specify the discrete hedging
problem and define the total and local hedging risk. Most of the discussion in this chapter are
drawn from [165, , 16, 98, 99].

2.1 Discrete Hedging Problem

A European style call or put option gives its buyer the right to buy or sell the underlying asset on
the option expiry with a strike price. Let the strike price be K and the St be the underlying price
at expiry 7. The payoff of call options is:

max(St —K,0).

The payoff of put options is:
max (K — St,0).

When a market is complete, e.g., under the assumptions of the Black—Scholes framework, the
option payoff can be perfectly replicated by continuously trading the underlying asset and a risk-
free asset account. However, markets are incomplete in practice and the risk associated with
options cannot be eliminated completely. On the other hand, reducing risk as much as possible
remains the main goal of hedging.

In an incomplete market, risk minimization is not completely defined until one specifies how
to measure risk [78, 79, , 69]. For European options, a pricing measure can be determined
through quadratic risk minimization, see, e.g., [ |64, , 50]. In this framework risk is measured
by the expected quadratic difference between the payoff of an option and the value of a self-
financing hedging portfolio at expiry date. This is the key idea behind total risk minimization.
However, this strategy may not always exist and may be difficult to compute, particularly under
more complex asset price dynamics[48, 49].



An alternative to total risk minimization is local risk minimization. In contrast to total risk
minimization, in local risk minimization the expected quadratic incremental cost is minimized.
As can be seen for European options [48] and American options [49] , optimal local risk mini-
mization hedging strategies typically lead to a small total risk. Moreover, it has been shown that
the choice of measure for incremental cost is important when the market is highly incomplete,

e.g., [48, 49].

Literature in risk minimization pricing and hedging has focused on assuming a parametric
form of the underlying asset dynamics. For example, the underlying asset price is assumed to
follow a geometric Brownian motion:

dSt - ,uStdt + GS[dVV[

and the derivation of the hedging position can be computed with a binomial model [48, 49]. The
key distinction between our work and the previous work on local and total risk minimization is
that we have no assumption on the underlying asset price dynamics and therefore our models are
not bound with a specific parametric form.

In this thesis, we propose to learn discrete data-driven hedging positions for standard eu-
ropean options, calls or puts, based on observations of the option market prices on the same
underlying price at a set of trading times. The goal of the data-driven discrete option hedging in
this thesis is to learn a hedging position function & in the underlying dynamically to minimize
certain appropriate measurements of the hedging risk on the historical market data and then apply
the model on the unobserved testing cases. We are interested in two different types of hedging
risk:

e [ocal hedging risk
e Total hedging risk

Note that in this thesis, the empirical performance of an option hedging method are measured
by real market option and underlying prices. The definition of the local hedging risk and total
hedging risk in discrete hedging are explained in the following subsections.

2.1.1 Local Hedging Risk

Let Az denote a fixed time interval. Each observation of a market option price Vl’"Tk’K is uniquely
associated with a triplet {z,T, K}, where ¢ is the trading time of the option price, K is the strike,
and expiry 7. Furthermore, we assume the risk-free interest rate » = O in the discussion in this
section. Denote:

t, T,K — "t+At,T K~ Vt,TK
AS; = Sz+Az — St

Avmkt mkt mkt
2.1.1)



The local hedging risk in the rebalancing interval Az is:
Risk/%% = AS; &, 7.k — AV (2.1.2)

where & 7 g is a hedging position for the corresponding option.
The discrete local hedging risk can be understood as the following. We set up the following
portfolio at time #:

e A short position on option V’”Tk’K

e A position of & r k, shares on underlying S;,

e An amount in the risk-free bank.account B,

We use P .k to denote the hedging portfolio value at 7 for hedging options with expiry 7" and
strike K. The hedgmg portfolio value is set to be zero by choosing B;:

Pl k= -V %+ 88 1k +B =0.
Therefore, the bank account at time ¢ is set to be:
By = V"% — S8 1k

Let dV’"Tk’K, dS;, dB;, and dPf} .k denote the instantaneous change in the market option price, the
underlying price, bank account and the hedging portfolio value respectively, the instantaneous
hedging risk at time ¢ is therefore:

APl = dS;8.1.x — AV} +dB;. (2.1.3)
Note that dB; is deterministic when we assume r is a constant:
dBt = I”Btdt

Therefore, if we assume the risk-free interest rate is zero (or omit dB; since it is deterministic),
we have:

AP = dSi8,.1.x — AV (2.1.4)

Under the assumption of a complete market where continuous hedging is feasible, the random-
ness in this instantaneous hedging risk can theoretically be eliminated by continuously trading

) AL . . o .
the underlying asset and set & 7 x = C;TT;K However in practice, market is incomplete, since

hedging can only be done at discrete times and additional risk, e.g., jump and volatility, can-

- . . . .oV .
not be eliminated by trading the underlying asset only [103, 84]. Lastly, in practice, 8[87; K is

unobserved. Therefore, the hedging risk cannot be eliminated even instantaneously.




In practice, one actually care about the portfolio changes after a discrete time interval Ar.
With the assumption of r = 0, after the fixed interval Az, we have:

APtHTK = Pt[iAt,T,K - Pt[?T,K =AS; 8 1k — AVtr,nIé(,tT' (2.1.5)

The local hedging risk is therefore defined to be the one-step hedging error when we assume the
risk-free interest risk is zero. The local discrete hedging risk (2.1.2) measures the changes in the
hedging portfolio after a fixed time interval Az when the hedging position is set to be & 7. x. As
At — 0, we also have local hedging risk converge to instantaneous hedging risk.

2.1.2 Total Hedging Risk

In reality, one usually want to hedge until the expiries of the options, which requires re-balancing
the hedging portfolio multiple times. Again, consider a hedging portfolio PIHT x Which is com-
posed of:

e A short position on option Vt’”Tk’K,
e A position of & r x shares on underlying S,

e An amount in a risk-free bank account B;.

For the notational simplicity since the 7 and K are fixed in following discussion, we drop them
in the subscript:
k k H H
‘/tm : = ‘/t%f[{ ’6t = 6I7T7K7 Pt = Pt7T7K'
Assume we rebalance N,;, times, the hedging portfolio is rebalanced at discrete times {#o,#1,...,tn,—1}

and the risk-free interest rate is r = 0. Initially at 7y, we have

PH - _‘/[gnk[ + 51051‘0 +Bl‘0 =0

Io

And
B, = Vtgikt - Stosto

At each rebalancing time ¢;, we update our hedging position by changing the share we hold from
5tj_1 to &, at ¢;, where any required cash is borrowed, and any excess cash is loaned. Assume
At =tj—1t;_1 is fixed and risk-free interest rate is zero. The bank account is updated by:

B, =By, = Si,(8, =&, )



Let tf and 1 be the time immediately after and immediately before 7;. Assume that the perfor-
mance is measured at the 7, , where 7y, = T is the expiry:

mk
Ptﬁ,b:BtNr —Viy t+S’Nh5th1

Npp—1 ki ki
t 13

Z {Stj+1 at]}—i-V:)n _‘/tll/:]/lrb (216)

N,,,fl ; .

= % {0508, 0ps-w)
J:

Equation (2.1.6) is defined as the discrete total hedging risk. Assuming the market is complete,

mk
if we always set & = 8%51 and let Az — O (we continuously rebalance the portfolio), then Pzg, =

t rb

mk
0. In reality, even if we can set the hedging position to be & = %, we can only rebalance
discretely due to the existence of transaction cost. Thus, Pt[; can take positive (profit) and
rb

negative value (loss). The rotal hedging risk measures the hedging portfolio profit and loss at the
expiry T for the entire hedging period [to, T].

Equation (2.1.6) can be written as:

Np—1

PH - Z {(Sfj+1_Sfj)5’j (thikl[ Vt’jﬂkl)}

Nyp—1

= ¥ {as,8,-avyel

j=0
with AV;/"and AS;; given in (2.1.1).
Plugging in the T and K into the subscript, we denote the discrete total hedging risk as:

Nyp—1 Nyp—1
Riskiotle = Y {AS,8, 7~ AV } = Z Risk!5% 2.1.7)
j=0

which corresponding to the hedging portfolio value at the expiry 7. By comparing equation
(2.1.2) and (2.1.7), we can see that the discrete total hedging risk is the summation of the discrete
local hedging risk evaluated at discrete rebalancing time {79, 11,...,tx, -1}

2.1.3 Interest Rate and Dividend

In the previous discussion in section 2.1.1 and section 2.1.2, we assume zero interest rate when
we define the discrete total hedging risk and the discrete local hedging risk. The zero interest
rate was assumed when measuring the hedging performance under discrete local hedging risk
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framework. The results presented in [!43] and [144] were evaluated from 2007 to 2015 for
local hedging risk framework. During most of the time from 2007 and 2015, the interest rate
is virtually zero. So the zero interest assumption is valid during most of the time. For the
experimental results for total hedging risk in [145], such assumption is relaxed and we include
the effect of interest rate since the period from 2000 to 2007 is also included in the experiments.
We assume the interest rate is fixed as a constant during the life time of the hedging portfolio
and denote it as r. This assumption is justified for two primary reasons. Firstly, empirical
evidence indicates that the impact of interest rate changes on option prices is typically limited.
Secondly, the hedging experiments conducted in this thesis cover a relatively short time span of
100 business days, making it improbable for significant interest rate fluctuations to occur during
such a brief period. Hence, we can reasonably consider the impact of interest rate changes as
negligible in our analysis. The discrete total hedging risk is therefore:

Risk’ot el { [ St St ] &M }—i— Vt?l}tK vkt (2.1.8)
18 = E : - : , —— — 1.
OB & [D(tj,T) D(y, )| 7 Do, ) TR
where
D(t,T) =e "I

In this thesis, we focus on S&P 500 index options. For the S&P 500 index, the closing index
price of each day is already adjusted to capture corporate actions that affect market capitaliza-
tion such as as additional share insurance, dividends and restructuring events such as mergers or
spin-offs[ 123]. When we calibrating the option pricing models such as the Black-Scholes model,
an estimate of the dividends to be paid up until the expiration of the option is needed. We as-
sume that the the index pays dividends continuously, according to a continuously-compounded
annual dividend yield g. Similarly, traditional option pricing models requires a continuously-
compounded interest rate as input. This interest rate is calculated from a collection of continu-
ously compounded zero-coupon interest rates at various maturities, collectively referred to as the
Zero curve.

In this thesis, we use the option market data from OptionMetric [147] database. The Op-
tionMetric [147] database provides us market option bid and ask quotes for each trading day
from 1996-01 to 2015-08-31. We also use the zero curves on each trading day provided by
the OptionMetric [147] database to extract the risk-free interest rate r. The zero curve used by
the OptionMetric database is derived from ICE IBA USD LIBOR rates and settlement prices
of CME Eurodollar futures. For a given option, the appropriate interest rate input » for option
pricing corresponds to the zero-coupon rate that has a maturity equal to the time to maturity of
the option 7' —¢, and is obtained by linearly interpolating between the two closest zero-coupon
rates on the zero curve. In addition, OptionMetric [ |47] database provides annual dividend yield
q for the S&P 500 index. The ¢ is recorded daily for the S&P 500 index and supplied as the input
for calibrating the option pricing models. Details of how OptionMetric compute the zero curves
and the annual dividend yield ¢ using market data can be found in [147].
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2.2 Option Pricing Model

2.2.1 Black-Scholes Model

In [20], the famous closed-form pricing Black—Scholes formula for European options is derived.
Under Black—Scholes (BS) model, it is assumed that the underlying asset price follows a geo-
metric Brownian motion:

dS; = uS,dt 4+ oS, dw;

where W; is a standard Brownian motion, u is the constant drift rate of the asset and o is the
constant volatility of the asset. We can easily show that:

2
S, = Sgelh—T)rtoW:

At any time ¢ one can construct an instantaneously riskless portfolio consisting of one option and
shares of the underlying asset. The riskless portfolio needs to be continuously adjusted so that
the number of shares always equal to the partial derivative of the option pricing function with
regards to the underlying asset. No-arbitrage condition implies that the the return of the riskless
portfolio must be equal to the risk-free interest rate. This leads to the renowned Black-Scholes
(BS) partial differential equation and the closed-form pricing formula.

Let Cps be the option value function for call option which at time ¢ and with underlying price
S. For notational simplicity, we have:

dCps  dCps dCps  dCgs 9%Cps B 9%Cps

2P T(t’ 1) ,a—St—a—S(f,St) 02 T os2 (t,5¢) ,CtBS:CBS(t,St)
t
With Ito’s Lemma [165], we have:
dCpgs dCps 1 9°Cpg dCps
dCBS = S —o2S? dt + oS dw,
f (az TGS, T2 s )T O A

Now consider a specific portfolio, called the delta-hedge portfolio, consisting of being short one

call option and long
t1is:

aa(’iés shares at time ¢. The total value of the delta-hedge portfolio P9 at time

The instantaneous profit or loss is:

dCgs 1 5 ,0%Cgs
dpPd — — —o2S dt
f ( o 2% g

Assume there is a riskless asset with risk-free rate of return r. We can see that the delta-hedge
portfolio Py is also riskless because the diffusion term associated with dW; is dropped. Under
no-arbitrage condition, two riskless investment must earn the same rate of return so we must
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have:
dP% = rP0dr

This leads to the Black-Scholes partial differential equation:

dCgs 1 5 ,9%Cgs dCgs BS
—~0°S S —rC? =0 2.2.1
a 2% gs TP, T @21

The solution with European call option is the well-known Black-Scholes pricing formula:
Cps(t,8) = SN (d)) —e "TKN (dy) (2.2.2)
where ./ is the cumulative density function of the standard normal distribution

dl:ln(S/K)+c;(r—;(i2t/2)(T_t)> d=di—oT—1

Similarly, the Black-Scholes pricing formula for European put option is:

Pas(t,S) = e " TR N (—dy) — SN (—d)) (2.2.3)

Alternatively, we can derive the Black-Scholes formula under the risk-neutral pricing frame-
work. As the name suggests, under a risk-neural measure Q, all agents in the economy are neutral
to risk. Under a risk-neutral measure, all tradable assets have the same expected rate of return as
the risk-free asset, which earns the risk-free interest rate r. The derivative price can thus derived
from the expected payoff, discounted back to the current time at the risk-free rate r.

Under the Black-Scholes assumption, one can use the Girsanov’s theorem [ 1 65] to convert the
geometric brownian motion in the actual physical probability measure to the geometric brownian
motion in a unique risk-neutral probability measure Q. Under risk-neutral pricing framework,
we have:

Cs(t,S) = e " T EC[max(Sy — K, 0)] (2.2.4)

Pas(t,8) = e 7T~ EC[max (K — S7,0)] (2.2.5)

where E€[] is the expectation under the risk-neutral measure Q. More specifically, define ®, to

be the market price of risk:

u—r
(o}

0, =

(2.2.6)

We change the original Brownian motion dW; in the actual physical probability measure to dw,
in the risk-neutral probability measure Q with

dW, = dW, + O, dt (2.2.7)
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The underlying dynamic will have the drift to be the risk-free interest rate r.
dSt = rStdt + GStdf/Vt

It can be shown that th is the Brownian motion under the risk-neutral measure Q defined
through Radon-Nikodym derivative via Girsanov’s theorem [165]. Using the fact that the drift
rate of underlying asset dynamic under risk-neutral measure Q is r, following (2.2.4) and (2.2.5),
we can arrive at the same pricing formula as (2.2.2) and (2.2.3). Interest reader can refer to [165]
for more details about risk-neutral pricing and change from physical measure to risk-neutral
measure Q.

Since actual drift 1 is irrelevant in determining the option price under Black-Scholes frame-
work, when pricing the option using parametric models such as Black-Scholes model in this
thesis, the drift of underlying dynamic is the risk-free interest rate r. Lastly, to include the effect
of dividend, we can rewrite the d; and d» in the Black-Scholes pricing formula as:

gy (/K + (<;—4T):"2/2)(T_Z), db=d— VT 1

where ¢ is the given annual dividend yield. In this thesis, we use Vps(S,7,T,K,r,q;0) to denote
the European Black-Scholes pricing function regardless of the call or put nature.

Although, Black-Scholes framework provides a close-form formula, the Black-Scholes model
is only a simple approximation to the market. Empirical evidence indicates markets often violate
the assumption of Black-Scholes model. The two major aspects that has been criticized about
Black-Scholes model are:

1. The constant volatility does not hold in real market. In practice, the implied volatility "7,
which equates the Black-Scholes option value Vps(S,t,T, K, r,q; o) to market option price

V/ikt | is often used to make sure that Black-Scholes price match the market observation.

However, one can often find that the implied volatility ¢?"? tends to differ across different
strikes and expiries. This breaks down the assumption of a constant volatility

2. Transaction cost exists in a real market. Due to the existence of transaction cost, con-
tinuously adjusting the shares of underlying is not feasible and frequent hedging can be
prohibitively expensive. Therefore, the argument of the Black-Scholes theory falls apart.

The violations from the assumption of Black-Scholes model in actual market motivate people to
propose various approaches for relaxing the assumptions. These attempts include, but not limited
to, local volatility models [45, 66, , 68], stochastic volatility models [99, , , 131, jump
diffusion models [100, ] and nonparametric pricing models based on regression [184, 17,

, 82, ].  Although nonparametric pricing models based on regression models can be a
useful alternative, one usually ignores the no-arbitrage conditions in pricing when applying those
regression approaches [ 184, 17,93, 82, ], which can be problematic in practice [ 1 | 5]. Recent
focus of the data-driven models on pricing is on modelling and predicting the implied volatility
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surface to ensure the absence of arbitrage [30, , ]. In the following section, we discuss
two stochastic volatility models relevant to this thesis, Heston model and SABR model, which
provide efficient closed-form solutions for the option price similar to Black-Scholes model.

2.2.2 Heston Model

Heston [103] proposed a stochastic volatility model, which has often been used to model the
volatility smile. The volatility smiles refer to the phenomenon that the options in real market
whose strike prices differ substantially from the current underlying asset price tend to have higher
implied volatilities than options whose strike prices are close to the underlying asset price. One
of the key reasons for the popularity of the Heston model is that European call and put option
under Heston model have closed-form solution which makes the calibration of the model com-
putationally more efficient and more accurate. The Heston model assumes that the underlying,
S; follows a Black-Scholes type stochastic process, but with a stochastic variance Y; that follows
a Cox, Ingersoll, Ross (CIR) process [55].

dS, = uS,dt +VXS,dw,

E[dZ,dW,] = pdt

These parameters are described as follows:

e U is the drift coefficient of the underlying asset
e Y is the long term mean of variance

e K is the rate of mean reversion

n is the volatility of volatility

S; 1s the underlying asset price

T; is the instantaneous variance

e W; and Z; are correlated Wiener processes with correlation coefficient p

Similarly, the Heston dynamics can be described under a risk-neutral measure Q. Heston [103]
assumes that the market price of volatility risk is proportional to the volatility v/ Y;:

@, = %\/ﬁ (2.2.8)

A is a parametric adjustment to the market price of volatility risk. Recall that market price of risk

1S:
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It can be shown that a risk-neutral measure Q can be defined through Radon-Nikodym derivative
via multi-dimensional Girsanov’s theorem [165] using ®; and ®,. Heston model under a risk-
neutral measure Q is:

dS = rSdt + vV YSdW
dY = * (X' = Y)dt +nVYdZ (2.2.9)
E[dZdW] = pdt

where

198
K+ A

dW = dW + @, dt
d7 = dZ + @,dt

K*=Kk+A,T =

Similar to the Black-Scholes model, Heston model has the closed-form solutions. The closed
formed solution for European call option is

CHeston(tas) =8N — Keir(Til) N (2.2.10)

Let us define the imaginary unit .#% = —1. Then the N; and N, are defined as:

1 1 /= —SonK (S Y ¢ T:
szi‘i‘E/O Re[e f]( , 1,1, (p)]d(p; =12

S

with Re|-] denoting the real part of a complext number. The characteristic function f;(S,Y,7,T; )

1S :
£i(S,X,,T; @) = M T 0BT O OS j— o

where:

*—*

(T -
Aj(t?TJp):r(p(T_t)jLKn]2r {(b_i—Pnfpf+d_i)(T—t)—2ln[1 8i¢j(T f)”

l_gj
l—ej{(T—t)]

Bj(t7T7 (P) = g&j [ (T—1)

o bj—pq)f‘f‘dj
S bi—pes —d,
dj= \/(pmpf—bj)2 —N*(2ujp — ¢?)
Uy = O.5,u2 = —0.5,b1 = K" —pT,bz = K"

1—gjedf
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European put option price can be derived from the call-put parity:
PHesmn(I, S) = CHeston(t,S) _ S+Ke—r(T—t)

The parameters to be calibrated from the market option prices are {Y, T, n,p} where Y
is the initial instantaneous variance, Y is the long term mean of variance under risk-neutral
measurem Q, k™ is the rate of mean reversion under risk-neutral measure Q, 1 is the volatility of
volatility, and p is correlation.

Under the assumption of the Black-Scholes model, an option is written on a tradable asset
S;. The randomness in option value is determined by the randomness of the asset S;. Such
uncertainly can be hedged by continuously adjusting the shares of underlying asset as we have
discussed in section 2.2.1. This implies a complete market [165]. Under a stochastic volatility
model such as Heston model, the uncertainty of option value comes from both the underlying
asset S; and the volatility (or the variance Y; as in Heston model). The volatility itself is not
tradable which implies an incomplete market under stochastic volatility model. One can assume
a risk-neutral measure Q exists and calibrate the Heston model to match the the market option
prices directly using the dynamics in (2.2.9) without specifying A. In this way, A has been
implied and embedded into the calibrated model parameters k* and Y. Interested readers can
refer to [ 103, 84] for more details of risk-neutral pricing under the Heston model.

In this thesis, we deal with Heston model under the risk-neural measurement Q. For simplic-
ity, in this thesis, we use Vyegon(S,t,T,K,r,q; Yo, K*,T*, n,p) to denote the European Heston
pricing function regardless whether it is a call option or a put option.

2.2.3 SABR Model

The SABR model [99] is another stochastic volatility model, which attempts to capture the
volatility smile in a derivative market. The name SABR stands for ”Stochastic Alpha, Beta,
Rho”, referring to the parameters of the model. The popularity of SABR model is due to the fact
that it can reproduce the market-observed volatility smile more accurately. Additionally, it pro-
vides a closed-form formula for the implied volatility under the Black model, which is a variant
of the Black—Scholes model. Given the risk-free interest rate r, the annual dividend yield ¢, and

the forward F; with expiry 7T is:
F =S, eI

In the SABR stochastic volatility model, the forward F; price follows the following stochastic
differential equation:

dF, = o (F)Paw,
doy, = voydZ,

These parameters are described as follows:
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e (4 is the instantaneous volatility of the forward F;.
e V is the volatility of instantaneous volatility ¢ .

e W; and Z; are correlated Wiener processes with correlation coefficient p

A variant of the Black—Scholes option pricing model, the Black model [19], is often used
together with SABR model. Under thr Black model, the forward F; price follows the following
stochastic differential equation:

dF; = opFidW;

where op is the volatility. We use Vg(F,K,r,t,T;0p) to denote the Black pricing function. For
European call option:

Cp(F,t,T,K,r;08) = "TDFN (d3) — KN (ds)]
For European put option:
Pe(F,t,T,K,r;08) = ¢ " T D[KN (—dy) — FN (—d3)]
where ./ is the cumulative density function of standard normal distribution

iy ln(F/KC)y—k ;i/f(T —t), dom dy— VT

Consider an option on the forward F with expiry T and strike K at time ¢. If we force the SABR
model price of the option into the form of the Black model valuation formula, then the SABR
implied volatility, which is the value of the op in Black’s model that forces it to match the SABR
price, is approximately given by [99, 16]:

o <
“B)? —B)* .
(FK)P)/2 |14+ U8 10g? (F /) + Uk tog* (F /) + -+ | *()

(1-B)? o 1 pBva 2 —3p?
'{H{ 24 (FK) P A(FK)TP2 24 Vz}(T_l)}

GB(F,I,T,K;(X,ﬁ,V,p) ~

(2.2.11)

where

— 24,

For the special case of at-the-money options, which are the options struck at K = F, this formula
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reduces to

OATM = GB<F>I7T>F§OC>B7V7P)

o« (1-B)? o> 1pBav 2-3p% ,
”Fu—ﬁ){”{ o prwtapae T o VT

Therefore, the European option value under SABR model is given by:
CSABR :CB(F7I7T7K;GB(F7taTvK;aaﬁ7v7p))
PSABR :PB(F7t7T7K;GB(F7t7T7K;a7B7Vap))

The op(F,t,T,K; ., B,v,p) under SABR model depends on the forward F, the strike K, the
time to expiry 7 —t, the initial SABR volatility @, the power of forward B, the volatility of
volatility v, and the correlation p. Interested readers can refer to [99] for the detailed derivation
of the analytical approximation og(F,t,T,K; o, B3, v,p). | Weuse Vsapr(S,t,T,K,r,q:0,B,V,p)
to denote the option pricing formula under SABR model regardless whether it is a call option or
a put option in the latter discussion.

2.3 Option Hedging Using the Sensitivity from Pricing Model

mk . . .. . mkt
Ideally, we could compute the ag_sf as the instantaneous hedging position. In reality, a\gs Lis

unknown. Thus we often assume a specific underlying dynamics as what has been discussed in
2.2. In order to obtain the pricing model parameters, we calibrate the model so that model option
prices can match the market option prices. Then one can use the ‘3—‘3{ as the hedging position. This
is know as the delta-hedging strategy.

In this section, we discuss how to compute the hedging position & 7 x from the option pricing
model under the delta-hedging strategy, as well as the drawbacks of this approach. Specifically,
we discuss the pricing model parameters dependence issue, which motivates our data-driven
model. In addition, we provide several existing ways for correcting the model parameter depen-
dence.

2.3.1 Classical Hedging Position from Pricing Model

In section 2.2, we have introduced several option pricing models with analytical pricing formula.
In this section, we consider the option hedging. We assume the risk-free interest rate and annual
dividend yield are given as r and ¢. Therefore, we denote V (S,z,T,K;6) as an option pricing
model with 6 as the model parameters to be calibrated. For Black-Scholes model, 0 is the

'Note that equation (2.2.11) is an approximation where higher order terms are dropped, we will disucss in later
chapter on how to fix the potential arbitrage created by the approximation.
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volatility o. For Heston model, 6 = {Yj, K5 Y, n,p}. For SABR model, 6 = {&,,v,p}. % In
order to determine hedging position with the most recent information, we calibrate the pricing
model to match the market option prices.

On each trading time ¢, we have observed market option prices for different strikes {K7, ..., K, Nk(t)}
and different expiries {71, ..., Ty, (;) }, where Ni(t) is the number of strikes and Nr(¢) is the num-
ber of expiries. Note that we use Ni(¢) and Nr(¢) to indicate the number of strikes and number
of expiries observed from market are time-dependent. The underlying asset price is S;. The
calibration can be done by:

(1)

Nr(t )

Y (VST K 0) ~ Vi, ) (2.3.1)
j=1

Determining a single model solving equation (2.3.1) is challenging In practice. approxima-
tions are often made. For the Black-Scholes model, there is only one parameter to be calibrated,
so one can match each market prices exactly by:

A . ~imp _ yymkt
VBS(Stvta TlﬂKJ’ Gt,]},Kj) - Vl,TuKi

The volatility G;";’p K; that equals the Black-Scholes price with the market option price is called
Black-Scholes implied volatility. (In section 2.2.3, we have introduced a term called SABR
implied volatility which equals the SABR model price with the Black model price. The SABR
implied volatility and Black-Scholes implied volatility are two different but related concepts.)

Note that in this way, for different options Vt’”T’l“ K different models are calibrated. One can often

find that the implied volatility " tends to differ across different strikes and expiries.

For stochastic volatility models, such as Heston and SABR, the calibration is usually done
by matching the volatility smile for each expiry 7; instead of the entire volatility surface [103,
, ]. In other words, for a expiry 7;, we solve

Nk (1) 2
min } (v(S 6,1, K3 0) — vkt )
o i3 R 1.7i.Kj

Note that in this way, pricing models are calibrated separately for different expiries 7; on the
same trading date ¢.

Given the option pricing model V(S,¢,T,K; 6*) with the calibrated 6*, the hedging position
is commonly determined by:

IV (8.1,T,K: 0%)
O T K= 35

Although a more complex option pricing model such as stochastic volatility models can match
the market prices better and account for the volatility smile better, it does not necessarily lead

ZNote that, Studies [112, 99, 98] shows that B can often be fixed a priori. In this case, 6 = {a,v,p}.
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to better hedging strategy. Several studies [60, |3, , ] detail the hedging performances
of option pricing models and show that, while explicitly modelling volatility smile substantially
improves the pricing accuracy, it frequently decreases the hedging performance, compared to the
simpler Black-Scholes models. A recent empirical study [!23] demonstrates that, for hedging
S&P 500 index options, the simple Black-Scholes model with the implied volatility calibrated
on each trading date can even outperform complex stochastic volatility models such as Heston
model [103] and Heston-Nandi model [ 104]. The phenomenon where better pricing model leads
to worse hedging performance is refer to as pricing/hedging conundrum in [123]. In the following
section, we provide one of the potential explanation why such phenomenon exists.

2.3.2 Parameter Dependence on Underlying Asset Price

We demonstrate that determining the hedging position from the partial derivative:

IV (S,1,T,K;6")
T K= 35

of the calibrated pricing function inevitably leads to incomplete elimination of the underlying
sensitivity, even in the context of instantaneous hedging. To see this, let us assume that a pric-
ing model matches the market price Vl’"Tk’K with strike K and expiry T at ¢ exactly, i.e., 0% is
determined so that: o

V(S,t,T,K;0%) = V. (2.3.2)
Let us further assume the risk-free interest rate and dividend yield {r,¢} do not depend on S.

The derivative pricing theory yields the risk neutral (or risk-adjusted) option value function
V(-). The option hedging position is then often determined by the model option function sensi-
tivity g—‘g However, using ‘3—‘5{ as the hedging position only ensures delta neutral with respect to
the model option function V. Unfortunately this does not ensure delta neutral with respect to the

market price V. This is because that the calibration equation (2.3.2) does not imply that the

e . mk . . . . . . .
sensitivity g—g matches ag—sl, since the calibration equation contains no information on change
in the market option price. This leads to dependence of the parameters of the calibrated model

on the underlying price, i.e., % # 0. This can be understood by hypothetically assuming that

(2.3.2) holds at any S, which implies

AGNRARCL vk
S  96* 9s 9IS

(2.3.3)

Since calibration (2.3.2) only ensures matching in the option values, not matching the change
in the market option price, it is likely that g—‘; — ag—sf #* 0: A}though this parameter'dependence
issue has been noted, see, e.g., [45, ], correcting for this risk exposure is not straightforward.

Even with the perfect case where we can have a pricing model matching all observed market
prices, which is often not achievable due to the calibration error following the equation (2.3.3),
we still have the pricing model parameters dependence issue to be addressed. Since it is difficult
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* mki
to account for parameter dependence Bais, ag_sf can be hard to be captured accurately. Therefore,
it is difficult for the classical delta-hedging approach of using ‘3—‘; as the hedging position to

eliminate the instantaneous hedging risk.

A more complex model usually has more pricing model parameters to be calibrated. There-
fore, the parameter dependence likely becomes harder to be addressed. That may be one of
the reason why many studies observe poorer hedging performance from more complex pricing
model than simple Black-Scholes model in the real market. Even with the simple Black-Scholes
model, the Black-Scholes implied volatility still depends on the underlying asset. In the fol-
lowing section, we introduce several corrections under the Black-Scholes framework for the
parameter dependence. In addition, complex models like Heston model usually can not match
the observed market option prices exactly. The calibration error can also potentially increase the
hedging errors when the partial derivative is used as the hedging position.

2.3.3 Corrections under the Black-Scholes Framework

Although the issue of pricing model parameters dependence on underlying asset has been noted,
e.g., in [45, ], correcting for this risk exposure is not straightforward. Methods have been
proposed to compensate for this missing exposure. Typically methods are based on analysis of
some parametric models, e.g., LVF and SV; these correction methods attempt to minimize the
variance of the hedging error [112, 3, 7, 8, 92]. In this section, we present several correction
methods under Black-Scholes framework. The discussion below is drawn from [112, 98, 16].

2.3.3.1 A Data-Driven Correction for the Black-Scholes Delta Hedging

Equation (2.3.3) implies that the sensitivity of the option value function %—‘;, calibrated at the re-

balancing time to satisfy the calibration equation (2.3.2), cannot completely hedge the sensitivity
of the market option price to the underlying price since % is not accounted for. If the hedging
risk in each rebalancing period is the performance criteria, the information in the option market
price change needs to be explicitly incorporated to determine a better hedging method which
minimizes the hedging risk as measured by the market option price changes instead of the model

option price changes.

If sufficient market option and underlying price data exist, a potentially more effective ap-
proach is to learn the hedging strategy based on historical observations of both changes in the
market option prices and the underlying prices. This approach is completely different from the
existing sensitivity approach based on parametric option pricing model.

To the best of our knowledge, the study [!12] is the first to determine the hedging strategy
based on historical observations of the market option prices and underlying prices.

Hull and White [112] proposed a correction form based on the following analysis using the
Black-Scholes model. More specifically, assume we have calibrated the implied volatilities c""”
to match all the market option prices as what we have discussed in section 2.3.1. Let us again
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assume we are computing the hedging position with a fixed 7" and K at a specific trading time ¢, so
for notational simplicity in the following discussion, we drop ¢, 7, K in the subscript. Following
(2.3.3), to determine the sensitivity accurately, one needs to compute

8VBS aVBs 861""1’

95 oo s 234

ag‘;S is the Black—Scholes delta with the implied volatility and 5 IVss i Black-Scholes vega with

oimp
. . . Jdoimp
the implied volatility. Both can be computed analytically. The undetermined part is ‘5 < In

[112], the authors choose

o gimp a—l—b aVBS—l—c ( o5 $)?

as SvT —

where a, b and c are the parameters to be fitted using market option data. Therefore, plugging in
the notation for ¢, T, K, the minimum variance delta is therefore:

a+b-8% x+c- (8% )
SivVT —t

BS
5tTI(_6 TK+VegatTK

, (2.3.5)

where 65% x and Vegaf% x are respectively the Black—Scholes delta and vega, using the implied
volatility at time ¢ for option with strike K and expiry 7.

The model parameters a, b, c are determined using historical observations. Let M denote the
number of historical data instances. Each data instance corresponds to a unique combination of
{t,T,K}. For data instance i, with time 7, strike K;, and expiry 7;, we approximate the instanta-
neous changes in the market option price and underlying price by the daily changes of the market
option prices and underlying prices:

kt kt ~
dWTEaK ~ AVmT K, dSti ~ AS[,-

Thus, we have the following minimization problem:

M . 2
: MV mkt
ln (ASll 6tiaE7Ki - ‘/tla >
a,b,ci:1

A linear regression is performed to determine the model parameters a, b, c.

Consequently, the minimum variance hedging function "V is computed based on regression
estimation, assuming the quadratic parametric model (2.3.5). It has been shown [112] that the
corrective formula (2.3.5) can significantly improve the daily hedging performance.
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2.3.3.2 Correction With LVF Model For The Black—Scholes Delta Hedging

As an improvement over the BS model, the local volatility function (LVF) model,

ds,

S = (r—q)dt+o(S;,t)dW, (2.3.6)
t

has also been considered, see e.g., [67, 60, 61]. LVF and its extensions remain widely popular
in practice [46, 57]. Many methods have been proposed to calibrate a local volatility function
o(S,t) from the traded market option prices, see e.g., [116, 4, 44]. In addition, Coleman et al.
[45] discuss a relationship between the partial derivatives of calls and puts in the context of the
LVF model, under which a call and put symmetry relation holds, see, e.g., [31, 32]. This rela-
tionship is found useful in correcting the dependence of the implied volatility on the underlying
for Black—Scholes delta hedging.

In Theorem 2.3.1 below, we formalize this relation [45] to any call and put functions satisfy-
ing the call-put-symmetry. Let Call(S,t,T,K,r,q) and Put(S,t,T,K,r,q) be the call option price
and the put option price with underlying price S, strike K, expiry 7', time ¢, interest rate r and
dividend yield q. Then let Put(K,t,T,S,q,r) denote the put price with underlying price K, strike
S, expiry T, time ¢ , risk free rate ¢ and dividend yield . When the underlying price satisfies the
stochastic equation (2.3.6), the European put and call prices are related through the reversal of K
and S, and g and r via the following call-put symmetry.

Call(S,t,T,K,r,q) = Put(K,t,T,S,q,r). (2.3.7)

Interested reader can refer to [95, 45] for the detailed proof of this call-put symmetry. We note
that, for this relationship to be useful in correcting for MV hedging in practice, the relevant price
functions correspond to the market option prices, not model option values.

Theorem 2.3.1. Let Call(S,t,T,K,r,q) and Put(S,t,T,K,r,q) be the call option price and put
option price with underlying price S, strike K, expiry T, time t, interest rate r and dividend yield
g. Assume further that there exists a unique implied volatility calibrating to Call(S,t,T,K,r,q)
and Put(S,t,T,K,r,q) respectively and the call-put-symmetry below holds:

Call(S,t,T,K,r,q) = Put(K,t,T,S,q,r). (2.3.8)

Then 96.(8,t,T,K,r,q) 96,(K,t,T,S,q,r)
Cc 7t7 ) ar7q P 7t7 ) ;Cl,’”

= ) 2.3.9

as as ( )

where & (-) is the BS implied volatility calibrated to C(-) and &,(-) is the BS implied volatility
calibrated to P(-) respectively.

Proof. Let Cgs(-) and Pgs(+) denote the BS model option value functions. Put and call symmetry
under the Black-Scholes model implies that

Cgs(S,t,T,K,r,q;0) = Pgs(K,t,T,S,q,r;0), (2.3.10)
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where o is any constant volatility. Let 6.(S,t,T,K,r,q) and 6,(K,t,T,S, q,r) be the Black-Scholes
implied volatilities calibrated to Call(S,t,T,K,r,q) and Put(K,t,T,S,q,r). Then

Call(S,t,T,K,r,q) = Cgs(S,t,T,K,r,q;6.(S,t,T,K,r,q))
Put(K,t,T,S,q,r) = Pgs(K,t,T,S,q,r;6,(K,t,T,S,q,r)).

(2.3.11)
From (2.3.8) and above, it follows
Css(S,t,T,K,r,q;6.(5,t,T,K,r,q)) = Pss(K,t,T,S,q,r;6,(K,t,T,S,q,r)) (2.3.12)
Using (2.3.10) with &,(-),
Cgs(S,t,T,K,r,q;6.(S,t,T,K,r,q)) = Pgs(K,t,T,S,q,r;6.(S,t,T,K,r,q))
From above and (2.3.12), it follows
Pgs(K,t,T,S,q,1,6.(5,t,T,K,r,q)) = Pgs(K,t,T,S,q,r;6,(K,t,T,S,q,r))
Assuming that there is a unique implied volatility from the BS formula, we have
6.(5,t,T,K,r,q) = 6,(K,t,T,S,q,r) (2.3.13)
Taking derivative with respect to S, we have

J6.(8,t,T,K,r,q) d&,(K,t,T,S,q,r)
dS B dS ’

i.e., (2.3.9) holds. This completes the proof. [

Assume that the market option prices satisfy put-call symmetry. Then the relevance of Theo-
rem 2.3.1 in accounting for dependence of the implied volatility on the underlying can be appre-
ciated as follows. On the left hand side of (2.3.9), the derivative is with respect to the underlying
price (the first argument). On the right hand side, the derivative is with respect to the strike price
(the fourth argument). When ¢ ~ r (as in the futures options market), (%”(KE,—STSW) can be esti-
mated from the observed implied volatility surface. In other words, for at-the-money with K = §
option, the rate of change in the implied volatility with respect to changes in the underlying price
is equal to the slope of the volatility smile. Consequently the sensitivity of the implied volatility
to the underlying can be estimated.

Hull and White [112] implement a corrective formula for minimum variance hedging based
on (2.3.9), referred to as the LVF minimum variance hedging. Hull and White [112] further
assume that the rate of change in the implied volatility with respect to changes in the under-
lying price is equal to the slope of the volatility smile for options which are not at-the-money.
Therefore, the LVF correction is:
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aGlmp
5%1;( = 5BSK + Vegat TK K (2.3.14)

where agK can be estimated from the a quadratic function fitting the volatility smile for each
expiry. Other minimum variance delta hedge methods have also been proposed to correct practi-
tioner Black—Scholes delta explicitly, see, e.g., [13, 56, 15, , 11]. Interested reader can refer

to them for more details.

2.3.3.3 Correction With SABR model for the the Black—Scholes Delta Hedging

Recall that the SABR implied volatility, which is the value of the op in Black’s model that forces
the Black’s model price to match the SABR model price, is given in section 2.2.3. Based on
SARR model, a correction formula for Black delta hedging is thus given by:

8VB i 8VB 863
JF Jdog JdF

(2.3.15)

Note that, Black delta can be converted to Black—Scholes delta. One can rewrite the formula
(2.3.15) to compute the sensitivity with regards to underlying asset price S instead of forward F

by:
&VB 8VB 863 8_F
JdF dog dF ) dS

Given the risk-free interest rate r, the annual dividend yield g, the forward F; at time ¢ with expiry
T is:

(2.3.16)

F = §,6r—a)(T=)

Adding the dependence for ¢,7', K as what we did in previous sections, we have:

d
STk = (5  x+vegaly a‘;?) elr=a) (=) (2.3.17)

where 87 x is the Black delta aVB

8VB

at time ¢ for option with strike K and expiry 7. Here vegat TK

is the Black vega 5 at time ¢ for the option with strike K and expiry 7', and aGB is the shortened

form of dop(Fi, Tal( a [i v.p)
7 .

Although, SABR model can be used to correct for the dependence of implied volatility on the
forward price, the formula (2.3.17) omits the fact the initial SABR volatility « is correlated with
the forward F. Here whenever the forward F changes, the initial SABR volatility o changes.
There is still an unaccounted parameter dependence in equation (2.3.17).

Bartlett correction [98, 16] was proposed to account for the dependence of o on F. The
Bartlett correction is based on the following analysis. Recall that, in the SABR model, we
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assume:

dF, = oy (F,)Pdw,
doy = voydZ;
E[dW,dZ;] = pdt

which can be rewritten as:
dF, = a(F,)Paw,

doy = vaoy (de, +4/1 —p%lZ,) = %d!’, +vogy/1—p2dZ,
t

where Z; and W, are independent random variables. Therefore, one can readily find that:

doy  pv +v\/1—p2 dz,

dF, (F)F " (R)F aw,’

Since Z, and W, are independent, we have [16]:

doy pv
El—| =
R~ (F)P
The formula for Bartlett correction is thus:
. dog dop pv o) (T—
8RN = {55T,K+Vegafm ( 5 =+ g aB (1’; )ﬁ)} elr=a)(T—1) (2.3.18)
t

QGB(FJ,T,K;OC,ﬁ,V,p)
da

with % being the shortened form for
the SABR delta in two different aspects:

. The Bartlett correction improves over

e Empirically, the Bartlett correction is less sensitive to the choice of B parameter. In prac-
tice, B is often fixed instead of being calibrated together with o, v,p in SABR model.
Different choices of B can often all fit the market prices but different choices of 8 can of-
ten lead to different SABR delta SE*T”? position. On the other hand, 5,37‘3’}(13” is consistent
with different choices of . This pﬁenomenon is shown in Figure 2.1. We calibrate the
SABR model for S&P 500 index options on 2012-01-04 and the option expiry is 2012-12-
31. We compute and compare delta position and we can see that for SABR delta, different
choice of B can lead to significantly different hedging position while the Bartlett delta
position is consistent.

e Empirically, the Bartlett correction provides better hedging strategy. As an example, one
can observe significant hedging performance difference between 6}?%”,{“’ and 83758 on
S&P 500 index options. More specifically, we calibrate the SABR models on each7tr7:ading
date from 2007-01-01 to 2015-08-31 as discussed in section 2.2 with B = 1 and note that
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Expiry:2012-12-31-Delta

1.0 A
—a&— Sabr beta=0.0
—o— Sabr beta=0.5
0.8 - —&— Sabr beta=1.0
—— Bartlett beta=0.0
—— Bartlett beta=0.5
© 0.6 A —— Bartlett beta=1.0
el
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0.0 A

800 1000 1200 1400 1600 1800 2000
K

Figure 2.1: Comparing the original SABR delta 8228 and Bartlett delta §2#7¢"" from SABR
models calibrated with 8 =0, 0.5, 1.0 on 2012-01-04 for S&P500 index option. The computa-
tion of Bartlett delta /" is more robust to the choice of j.
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here we calibrate SABR models separately for each expiry on each trading date . And we
compare the local hedging performance for all the traded options. Following [ 1 12], we use
the Gain ratio below as the measure of the local hedging risk performance:

2
m mkt
l:1 (A‘/tl.T“](l - 611'7E7Ki ASti)

GAIN=1— (2.3.19)

2
m mbkt BS
=1 (AVn,Ti,K[ — 07K, ASfi)

where m is the total number of data instances to be evaluated. The 5;?% k; 1s the implied
Black—Scholes delta, J;, 7, k; is the hedging position from the method under consideration,
e.g., SABR delta Stff}fﬁi and Bartlett delta 5,?’%’ f,l(f” : AVZI’”% k, and AS;; are the changes
in market option and underlying prices over a fixed time interval. Here we compare the
daily local hedging risk with the daily changes of prices. The results are shown in Table
2.1: As we can see in Table 2.1, 557‘5”1’(16” performs much better than 55?%’3 . What is more,

Method | SABR & 758 | Bartlett 857"
Gain (%) 4.2 27.1

Table 2.1: Daily local hedging risk comparison between original delta 55/}71%{ from SABR model

and 5,{37‘57’}(19” from Bartlett correction. The performance is evaluated in terms of improvement
over Black-Scholes delta on local hedging risk.
65‘7‘335 actually performs worse than Black—Scholes delta Sthg x With implied volatility. The
similar phenomenon has been observed in [123] where Heston and Heston-Nandi model

perform worse than Black—Scholes delta 5}?% x With implied volatility. The difference of

the hedging performance between 65%”,’(”” and 8,5:?? is an example to illustrate how

the unaccounted pricing model parameter dependence on underlying asset affects the
hedging performance. Unfortunately, the pricing model parameter dependence often is
not that easy to be accounted for as in SABR model with Bartlett correction.

Lastly, we introduce the corrective formula for minimum variance hedging based on SABR
model implemented by Hull and White [112] . We use 8V to denote the minimum variance
hedging based on SABR model from [112]. Let AF be a small changes in forward F, the 5%V is

given by:

sV Ve(F, +AF,t,T,K,r;op(F, + AF,t,T,K;a,B,v,p)) — Vp(F;,t,T,K,r;0p(F;,t,T,K; 00, B,v,p))

o, =
t,T.K AF
(2.3.20)
with Vp be the Black pricing formula and op be the SABR implied volatility formula discussed
in section 2.2.3.
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2.4 Motivation For Direct Nonparametric Data-Driven Hedg-
ing Models

In the previous sections, we discuss the issue of parameter dependence and present several
correction methods under Black—Scholes framework. Although the corrective formula (2.3.5),
(2.3.14), (2.3.17), and (2.3.18) adopt similar forms, the data-driven MV delta (2.3.5) is signifi-
cantly different from other corrective formula for the fact that it is based on historical data while
(2.3.14) ,(2.3.17), and (2.3.18) are based on pricing model calibrated to the spot options and un-
derlying prices. Hull and White [1 | 2] indicate that MV delta S%YK estimated based on historical

data performs better than 5245 and 8% . estimated based on spot data.

Our exploration on the data-driven models for hedging start roughly the same years as the
work of [112] and we adopt the similar methodology as the MV delta where we learn a hedging
position function from historical data. However, our explorations are motivated differently:

e The hedging position 6%‘,11(’ Btf‘T/";( and 5[3:%,( proposed in [112] is to correct for the BS

implied volatility dependence on underlying asset prices. Specifically, Hull and White

[112] demonstrate how one can estimate the 83;@ empirically.

e Noticing the pricing parameters dependence, we try to learn a hedging position directly
from the market data. We are not specifically trying to correct parameters dependence for
certain pricing models. We are trying to avoid it by obtaining hedging position without a
pricing model at all.

In addition, the data-driven models proposed in this thesis and MV delta are also different in the
following ways:

e Hull and White [112] assume a quadratic form to account for the implied volatility de-
pendence on the underlying asset within Black—Scholes framework. The hedging position
from our proposed data-driven models is purely determined by market data with machine
learning algorithms with no specific parametric form.

e The MV hedging model (2.3.5) focuses on instantaneous hedging analysis (2.1.4). For dis-
crete hedging, particularly when re-balancing is done infrequently, e.g., weekly or monthly,
(2.3.5) may no longer be suitable. Our proposed models, which are not based on comput-
ing sensitivity of option pricing functions with regards to the underlying asset prices, can
potentially improve the hedging results when the hedging is done less frequently.

e Our proposed data-driven models GRU 5 and GRU gy, can naturally include feature se-
lection and feature extraction which can potentially improve the hedging performance.

e Our proposed data-driven model GRU+qgr,p is enhanced to deal with total risk hedging
scenarios instead of focusing on reducing the instantaneous local hedging risk as the MV
hedging model (2.3.5).
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In the following chapters, we will start to formally describe the proposed hedging models and
present numerical hedging performance comparisons on both synthetic data and real market data.
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Chapter 3

Data-Driven Kernel Learning Framework
for Local Hedging

In this chapter, we start the discussion on our proposed data-driven local hedging model from
kernel learning framework. The data-driven kernel hedging model can be summarized as the fol-
lowing: Assume we have M data instances. Each observation of a market European option price
th’”}g 7. 1s uniquely associated with a triplet {t;,T;,K;}, where t; is the trading time of the option
pricé, K; is the strike, and expiry 7;, i = 1,...,M. The hedging position function is determined
by the quadratic data-driven local risk minimization problem:

M

o T.K; i\
min w,; (ASt,-a(Xz,- )—A tTKf,Tf>

With AS;, and Ath”,’g 1, given in (2.1.1) for a fixed time interval Az, the hedging position 6 (XtTl' K )
is given by a data-driven hedging function: DKLSPL(XtT’K; a*):

i, Ki TK.<
8(x; ") = DKLgp (x; " &)

with @* being the parameters for the hedging functions and X,T K being the input features for the
hedging function. Please note that &* in this chapter is the parameter for the regularized kernel
network to be learnt from data. The o in section 2.2.3 is the volatility for SABR.The & and &*
are two unrelated notations.

From chapter 2, we have seen various challenges for hedging when the position is computed
from the calibrated option value function. Since nonparametric option function estimation does
not make specific assumptions and can potentially match option prices more accurately, it is
not unreasonable to expect that this hedging challenge can potentially be addressed by reducing
mis-specification using a data-driven approach to learn an option value function. In this chapter
we also discuss this approach and analyze its challenging for option hedging. Similar to dis-
crete hedging under the parametric model, the hedging position can be computed by learning a
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nonparametric option value model and then determining hedging position from the partial deriva-
tives. Indeed this is the approach adopted in [ [4]. In this chapters, we indicate that the issue of
pricing model parameters dependence still exists even if one estimate the pricing model using a
machine learning model with no assumption on the dynamic of the underlying asset movement.

The organization of this chapter is as the following: We discuss how one can compute a
hedging positions from partial derivatives of the optimal regularized kernel functions in section
3.1. The proposed data-driven kernel hedging learning method is presented in section 3.2. In
section 3.3, we present experiments using synthetic data to illustrate the drawbacks of determin-
ing hedging position from partial derivative of pricing function estimated using machine learning
algorithms and the effectiveness of data-driven direct kernel hedging functions.

3.1 Regularized Kernel Pricing Model

Recognizing various challenges in the parametric financial modelling approach, nonparametric
option pricing has also been studied. The nonparametric option value modeling approach has
the distinctive advantage of not relying on specific assumptions about the underlying asset price
dynamics. Hutchinson et al. [114] first propose a nonparametric data-driven approach to price
and hedge European options using neural networks, radial basis functions, and projection pursuit
regressions. Many other neural network methods for European option pricing have also been
proposed, see, e.g., [184, 17,93, 82, ].

Although there are quite a few studies on nonparametric option pricing models, to our knowl-
edge, there has been little research specifically focusing on discrete hedging using a nonparamet-
ric method. Even when the hedging problem is considered, e.g., [ | 4], it is treated as a byproduct
of obtaining a nonparametric pricing function: The hedging position is obtained from the partial
derivative of the option value function. Hutchinson et al. [114] show that, based on hedging
errors on some simulated paths, this indirect data-driven hedging approach can potentially be an
effective alternative to the traditional parametric delta hedging methods.

In this section, we follow the methodology of [114] and learn a data-driven option pricing
model with the regularized kernel network. The hedging position is then given by the partial
derivative of the option pricing model with regards to the underlying asset. Our goal is to learn a
nonlinear option pricing function V (x;@*) using a regularized kernel method [73].

Assume that we are given a positive definite kernel similarity
A (x,x) R xR? - R,

which captures similarity between x and x’ implicitly in a high dimensional feature space. As-
sume that 7% is the Reproducing Kernel Hilbert Space (RKHS) induced by the symmetric pos-
itive definite kernel function % (x,y) and || f|| » is the norm in RKHS. We have the following
Representer Theorem [176]:
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Theorem 3.1.1. (The Representer Theorem) Let 2 be a nonempty set and %~ a positive definite
real-valued kernel on &~ x 2" with the RKHS . Given the a training sample {X1,X3,--- Xy },
a strictly monotonically increasing real valued function g : [0,00) — R, and an arbitrary empiri-
cal risk function E : 2™ — R and E depends on f only through { f(x1), f(x2), -+, f(Xm)}, then
for any f* € 5tk satisfying

fr=argmin E(f(x1),f(x2),--+,f(xu)) +8(ll f]l)

ferx

[ admits a representation of the form:

with & € R forall 1 <i<M

A regularized kernel regression problem can be formulated as

fg% (ZL —i—?LprHJ/) (3.1.1)

where L(-) is a loss function. The regularization parameter Ap > 0 can be determined based on
cross validation.

Following the Representer Theorem, e.g., [176], a solution of (3.1.1) has the form

o A (x,x;) (3.1.2)

'ME

~
—

fx) =

and the regularization term is given by
) MM
1115 =Y Y o' a7 (x;,x)). (3.1.3)
i=1j=1

Assume that a set of M training points {(thl’K1 Vl’l’”}(’l ) (xg’y Ku V[AZ";(M T

where x, K'e R is the input feature for pricing the option with strike K and expiry 7 at time
t and V,”}é‘T is the market option price at time ¢ with strike K and expiry 7. Each data instance

)} are given,

corresponds to a unique triplet {#,7,K}. We can estimate an option value function V (x;@&")
based on the regularized kernel estimation (3.1.1) with &* = {a], ..., }.

Using (3.1.2) and (3.1.3), assuming quadratic loss, the option pricing function:
;a Za A (x[ x[ 7K (3.1.4)
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can be computed by solving

M M
A~ % . ki TK A: j 7;7K
o = argmin Z( Vi K — Z ; K X ) +7LPZZOC,O¢] i)
a i=1 j=1 i=1j=
(3.1.5)

For standard options, the universal RBF kernel

Ix==3

H(x,X)=e¢ 2 (3.1.6)

is a reasonable kernel choice, since the option value function is very smooth, and a suitable
bandwidth p is typically problem dependent and can be determined using cross validation.

3.1.1 Indirect Hedging Positions From Kernel Pricing Functions

Assume that the one dimension of the attribute vector XtT K e rd corresponds to the moneyness
S;/K at time ¢ and other dimensions are not related to underlying prices. Then the delta hedging
function option with strike K and expiry 7 at trading time ¢ is typically determined as:

KL — ZL (3.1.7)

ER &~k aS/K

SIKL aV(XzTK’A f 9.7 (x~, X?Ki) _ f" ar 0 (x ", Xg K

Hutchinson et al. [ | 14] demonstrate that this nonparametric hedging approach, using the partial
derivative of a nonparametric pricing function learned from historical market data, can be a useful
alternative for option hedging.

However, using (3.1.7) as the hedging position similarly does not minimize variance of hedg-
ing risk in general and the challenge in accounting for parameter dependence on the underlying
remains. We can see that from the following arguments. We made an unrealistic assumption that
the estimated kernel function V(XtT K. a*) matches the target market option price exactly, i.e.,

TK. 5
Vi, "at) = VtmTktK

Then we have:

Again, since model calibration only ensures matchlng in the option values, not matching the
change in the market option price, in general

8ocl

£0
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unless
OV 1K Ay OV

8_S(Xt N/ ) - S
However, there is no reason that a solution of the regression problem (3.1.5) should satisfy
(3.1.8). Consequently it is similarly difficult to account for all dependence from @* on the un-
derlying asset, even infinitesimally, in the estimated kernel model.

(3.1.8)

Furthermore, error magnification can happen by deriving the hedging position from a es-
timated kernel function. In general, the estimated kernel pricing function V(X,T ’K;&*) can not
match all the target market option prices exactly and the estimated kernel pricing function in-
evitably will have prediction error when used to predict the price of unobserved testing data
instances. The calibration error and prediction can potentially increase the hedging error when

using the 4 55 (X,T K o ) as the hedging position.

Lastly, with above data-driven pricing approach, we predict the option value without consid-
ering the arbitrage constraints in the resulting price surfaces. As indicated by many recent stud-

ies [30, , ], the option prices produced by data-driven machine learning model directly
often contains arbitrage opportunities. Therefore, recent proposed data-driven pricing models
[30, , ] start to focus on predicting arbitrage-free implied volatility surface and the re-

sulting volatility surfaces used together with the Black-Scholes model to produce the prices and
hedging positions. As one can readily see, this data-driven pricing approach still omit the depen-
dence of the implied volatility on the underlying asset prices since they focus on matching the
observed historical implied volatility surfaces than matching the changes of implied volatility
surfaces with regards to the underlying asset prices.

3.2 Regularized Kernel Hedging Model

Let us again assume that a set of M training points

{00 AV 7880, O AV o 8S,,) |
are given, where xt K e R4 is the input feature for hedging the option with strike K and expiry
T at time t. The AV’""’T is the change of market option price at time ¢ with strike K and expiry T
over a fixed time intervel At, e. g., daily, weekly, or monthly. The AS; is the change of underling
price at time ¢ over over the same At. AVI”}?T and AS; are given by equation (2.1.1). Again, each
data instance corresponds to a unique triplet {t,T,K}.

We can estimate an option hedging function 6(x; 7’(;6*) based on the regularized kernel

network with @* = {@j,...,0},}. The empirical loss function is chosen to correspond to the
square of discrete local hedging risk in section 2.1, i.e.,

L(S(X,TK, )) (AV’"’“ —AS,8(x TK,&)>2. 3.2.1)
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The hedging position function 5(XtT ’K;a*) can be estimated from the regularized optimization
below:

66%]{

min {ZL( X,T’K’ a> +7LP||5||_2J~5/} (3.2.2)

Note that the Representer Theorem still holds for (3.2.2). Using the Representer Theorem (3.1.2)
and (3.1.3), (3.2.3) can be computed by solving the following convex quadratic minimization,

M
a* :arg’r\nin Z (AvmktK AS,, Z Q. T.,,K IT,,K ) "‘;LPZ Z OCzOC] ',, Xg”K)

a i=1 j=1 i=1j=
(3.2.3)

The loss function for the hedging function in the proposed formulation (3.2.2) directly cor-
responds to the sum of squares of local hedging risk for a discrete As-time period. In addition
the hedge function is the solution of the optimization problem and there is no potential error
magnification through partial derivative computation. We avoid the pricing model parameters
dependence on underlying asset by not computing a prcing model at all.

Since at the expiry the delta of the payoff function is a discontinuous step function, the delta
hedging function of an option changes quickly as the underlying changes near the expiry. Con-
sequently we choose to use a spline kernel function [174] for the hedging function estimation.
The explicit expression for the spline kernel with order O, for the one-dimensional case is :

“ () 20,-r+1 <
r r
%(X,y) Z mmm(x y) d— ‘x y‘ +'§)X

For multidimensional data, the spline kernel is the product of one-dimensional spline kernel
functions with respect to each dimension. Interested readers can referred to [174] for more
details. The main benefit of using the spline kernel over the Gaussian kernel is that spline kernel
does not have a hyperparameter to be tuned while Gaussian kernel has a bandwidth parameter to
be tuned by cross-validation which is often costly. In this thesis, we focus on spline kernel and,
in section 3.3, we will show that spline kernel performs better or equally well when compared
with Gaussian kernel. In the latter discussion, we denote 5DTKI% = 5(X,T ’Ka*) as the hedging
position from the direct kernel hedging model. For our data- driven approach, we need to select
an appropriate penalty Ap to control the model complexity. Cross-validation (CV) is a commonly
used method for the performance estimation and model selection for the learning algorithms.
For example, the Leave-One-Out Cross-Validation (LOOCV) computes the output for each data
instance using parameters trained on the remaining data instances. For the regularized kernel
methods, we can compute the CV error efficiently without retraining the model in each CV
round [148]. More detailed discussion on the fast LOOCYV of regularized kernel network [148]
can be found in appendix A.
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3.3 Comparison using synthetic data

Following the S&P 500 market option specifications in [|13], we first synthetically generate
option data assuming that the underlying price follows a Heston model [103]. We compare
hedging effectiveness of direct hedging function learning (3.2.2) and indirect hedging function
estimation (3.1.5). In addition, we compare their performance to that of using analytic delta
under the Heston model, which can be regarded as a benchmark. Note that there is no model
mis-specification for the underlying price in this synthetic case.

The experiments in this section demonstrate the following:
e Computing the hedging position as the partial derivative of an nonparametric option pricing

model with regards to underlying asset still suffers from the issue of parameter dependence
on underlying asset.

e The hedging position directly learnt from data as in (3.2.3) can be very close to the best
case benchmark in daily hedging.

e The hedging position directly learnt from data using spline kernel performs better or
equally well when compared with Gaussian kernel.

Since the loss function is quadratic, solutions to (3.2.2) and (3.1.5) can be easily computed
from linear equation solvers. In addition we also compare hedging performance using a RBF
kernel (3.1.6) versus a spline kernel. Specifically, using the generated synthetic data, we compare
here hedging performance of the following hedging computation methods:

o 8 x: implied volatility BS delta

o /%" analytical Heston delta

e DKLgpy : directly learning a spline kernel hedging function based on (3.2.2)

e DKLgpr : directly learning a RBF kernel hedging function directly based on (3.2.2)

e [KLgpr: determining hedging position indirectly as the partial derivative (3.1.7) of the
option value function estimated from (3.1.5) using a spline kernel

o [KLRrpp: determining hedging position indirectly as the partial derivative (3.1.7) of the
option value function estimated from (3.1.5) using a RBF kernel

Training data consists of simulated daily underlying price S; for two years!, r = 1,---,2 x
252, assuming a risk-neutral Heston model below:

dS = (r—q)Sdt + V' YSdW
dY = k* (X" = Y)dt + nVYdZ
E[dZdW] = pdt

'We assume that there are 252 trading days in a year.
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In addition, a vector of simulated (traded) market call option prices are generated, on each day
t, with different strikes and time to expiry, following the CBOE specifications of stock options
described in [113]. The option prices V¥ are computed using the analytical option formula
(2.2.10) under the Heston model [103] in section 2.2.2 , using the the parameters from [13],
which are given in Table 3.1. In other words, we assume in this section:

VZ#IK = VH&W{M(Sl?t?T7K7raq;Y7 K*,T*JLP)

Note that the Heston delta position under this synthetic scenarios does not have the parameter
dependence issue, since for the synthetic case all heston parameter are fixed, and can be used as
the benchmark 2.

5Heston _ aVHeston(St7t7T7K7ryq;Y7 K*E*JLP) — avmkt

nTK oS oS

The Black-Scholes delta position from implied volatility still has the the issue of implied volatil-
ity depending on underlying asset:

SBS B aVBs(St,l,T,K, I’,q;G;Zl{’K) 7é avmkt
t,T,K — &S aS

where Gtin;p x 1s the volatility that equals Black—Scholes price and Heston price

VBS<St7t7T7K7r7q;Gti,r;l{7K) = VHESZOH(StataTuKanq;Yv K*aT*7n7p)

~¥

r q | T K* n p So | Yo
0.02 0.0 |0.04 | 1.15] 0.39 | -0.64 | 100 | 0.04

Table 3.1: Parameters for the Heston model. This set of parameters is used to generate synthetic
experiments for demonstrating the effectiveness of DKLgpy, on local risk hedging.

Testing data consists of 100 daily underlying price paths and corresponding option prices,
spanning a six month period. The Heston parameter is specified as in Table 3.1. We report
average performance measures over 10 random training-test-data sets generated as described.

We train a regularized option price kernel model for the indirect hedging IKLgp; and IKLRgF.
For IKLgpr, and IKLRrgF, the hedging position is the partial derivative of the estimated pricing
function (3.1.7), as in [1 14]. We note that the simulation hedging analysis in [| 4] considers
only the Black—Scholes model and the results in [ | 4] indicate that a lower hedging error can be
achieved on a subset of simulated paths.

ZHeston price and delta in this thesis is evaluated using numerical integration methods.
3Following CBOE option specification rules, the size of a training or testing data set can vary slightly for each
simulation run.
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We use the standard deviation of the pairwise Euclidean distance of the training data as the
bandwidth p for the RBF kernel. The regularization parameter Ap is however selected using a 5-
fold cross-validation. We also consider weekly hedging and monthly hedging, which correspond
to hedging over a 5-business-days period and 20-business-days period respectively.

To investigate impact of the feature choice, we evaluate hedging performance using

e Feature Set #1 = {MONEYNESS (S;/K), TIME-TO-EXPIRY (T —1)}.

e Feature Set #2 = {MONEYNESS (S;/K), TIME-TO-EXPIRY (T —1), &7 c}.

In the second feature set, the Black—Scholes delta 55% x using the implied volatility is used as an
additional feature in determining the hedging position.

Let the number of data instances to be evaluated be m. As in section 2.1.1, the local hedging
risk over the fixed time interval Az for each data instance, which corresponds to a unique triplet
{t,T,K}, is given as below:

Risk!%% = AS; 8.7,k — AV'r

where 0, 7 x is the hedging position from different approaches, e.g., Black—Scholes delta 3575 K>

Heston delta 8§7¢5t°" direct data-driven hedging position §2XL and indirect data-driven hedgin
T K ging p T K ging

position5t1 [TQK We evaluate the hedging performance in four different ways:

1. Gain (2.3.19) over Black-Scholes 5BS T.K 35 in[112].

2. The mean absolute value of Riskgfrcf}é

E(|AV"™M — ASS|) = Z [Risk!%5%

3. The 95% Value-at-Risk (VaR) of {Risk[?% |i =1,...,m}

4. The 95% Conditional-Value-at-Risk (CVaR) of {RiskfﬁcTil,(i i=1,...,m}

3.3.0.1 Feature Set #1:{MONEYNESS (S;/K), TIME-TO-EXPIRY (T —1)}

For the synthetic data, it is known that the option price is a function of the moneyness K and

time to expiry 7 — ¢, which are the attributes x, K in Feature Set #1. Table 3.2, 3.3 and 3.4 report
results for daily, weekly, and monthly hedging respectively.

Table 3.2 and 3.3 demonstrate that the direct hedging function learning DKLgp; & DKLRpF
significantly outperform the indirect hedging learning IKLgp; and IKLgpF in Gain and different
risk measures considered. Indeed, DKLgpr and DKLRggF slightly outperform the benchmark of
using the analytic Heston delta. The indirect hedging function learning performs more poorly
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Method | Gain (%) E(JAV"M —ASS|) Std  VaR CVaR
555 0.0 0.185 0286 0.380 0.574
IKLggr 3.3 0.171 0291 0.356 0.566
IKLgpy. -183.3 0.291 0482 0.669 1.105
DKLggr 63.1 0.120 0.174 0251 0.352
DKLgpr 64.9 0.121 0.170 0.255 0.345
HESTON 63.6 0.121 0.173 0266 0.360

Table 3.2: Daily hedging comparison on synthetic experiments be-
tween various hedging strategies. The hedging performance is evalu-
ated in terms of local hedging risk.

! FS #1: x = {MONEYNESS, TIME-TO-EXPIRY }
2 Bold entry indicating best Gain

Method | Gain (%) E(JAV"® —AS§|) Std  VaR CVaR
SBs 0.0 0.414 0.620 0.776 1.009
IKLRpF -197.6 0.406 1.070 0.741 1.254
IKLsp -94.7 0.548 0.866 1.114 1.738
DKLRgF 47.0 0.312 0.451 0.620 0.825
DKLgpr. 50.8 0.312 0.435 0.622 0.797
HESTON 45.7 0.319 0.456 0.651 0.840

Table 3.3: Weekly hedging comparison on synthetic experiments be-
tween various hedging strategies. The hedging performance is evalu-
ated in terms of local hedging risk.

' FS #1: x = {MONEYNESS, TIME-TO-EXPIRY }
2 Bold entry indicating best Gain
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Method | Gain (%) E(JAV"M —ASS|) Std  VaR CVaR
S5s 0.0 0.941 1484 1516 1.808
IKLggr 1.0 0.888 1470 1.516 1.829
IKLgpr. -36.9 1.135 1,729 2.033 2.894
DKLggr 33.6 0.860 1.181 1.612 1.949
DKLgpr 354 0.858 1.165 1.610 1.922
HESTON 38.7 0.814 1.136 1.544 1.829

Table 3.4: Monthly hedging comparison on synthetic experiments be-
tween various hedging strategies. The hedging performance is evalu-
ated in terms of local hedging risk.

! FS #1: x = {MONEYNESS, TIME-TO-EXPIRY }
2 Bold entry indicating best Gain

than the implied BS delta hedging. In addition, the spline kernel performs better than the RBF
kernel (with the standard deviation as the bandwidth parameter). The RBF kernel yields larger
risk measures and smaller Gain for both the direct and indirect hedging learning methods.

Table 3.4 reports hedging comparison for monthly hedging. We observe that DKLgp;, &
DKLRggF significantly outperform the indirect hedging learning IKLgp; & IKLgpr in Gain and
various risk measures. In addition, DKLgp;, & DKLRpF continue to achieve enhanced per-
formance over dgg, with the spline kernel DKLgp; yielding better results than DKLggg. Not
surprisingly, hedging performance of each method also deteriorates as the length of the hedg-
ing period increases, with larger mean absolute hedging error and larger standard deviation for
monthly hedging than for daily and weekly hedging.

Table 3.4 also illustrates that, unlike daily and weekly hedging, DKLgp; & DKLRpF slightly
underperform the analytic Heston delta benchmark for monthly hedging. Given that the ana-
lytic delta is for instantaneous hedging while the direct hedging learning DKLgp;, minimizes
quadratic hedging error, one would expect better performance from the direct hedging learning
DKLgpr,. We suspect that this is due to the effect of the specific combination of choices of fea-
tures and kernel. Next we show that, with a different feature set, performance of direct hedging
is improved, which suggests the possibility of surpassing analytic Heston delta benchmark, using
a more suitable feature set, for a longer period hedging.

3.3.0.2 Feature Set #2: {MONEYNESS (S;/K), TIME-TO-EXPIRY (T —1), 8%}

We add the Black—Scholes delta 55% x using the implied volatility as an additional feature in
the direct hedging learning, since Hull and White [| | 7] indicate that a better minimum variance
hedge can be calculated based on the implied volatility delta. Table 3.5, 3.6, and 3.7 present hedg-
ing results for DKLsp. & DKLgpr for {MONEYNESS (3¢), TIME-TO-EXPIRY (T —1), &P . }.
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For clarity, we also include the results for FS #1 {MONEYNESS (%), TIME-TO-EXPIRY (T —1)}
and Heston delta for ease of comparison.

Method Gain (%) E(JAV"M —AS§|) Std  VaR CVaR
DKLggr FS #1 63.1 0.120 0.174 0.251 0.352
FS #2 62.3 0.114 0.176  0.238 0.349

DKLgp. FS #1 64.9 0.121 0.170 0.255 0.345
FS #2 70.9 0.110 0.154 0.234 0.322

HESTON 63.6 0.121 0.173  0.266 0.360

Table 3.5: Daily hedging comparison on synthetic experiments between var-
ious hedging strategies. One additional feature Opg is added. The hedging
performance is evaluated in terms of local hedging risk.

! FS #2: x = {MONEYNESS, TIME-TO-EXPIRY, 8ps}
2 Bold entry indicating best Gain

Method Gain (%) E( ]AV’"’“ —ASd|) Std VaR CVaR
DKLggr FS #1 47.0 0.312 0.451 0.620 0.825
FS #2 51.4 0.301 0.432 0.611 0.816

DKLspL FS #1 50.8 0.312 0.435 0.622 0.797
FS #2 53.5 0.299 0.422 0.606 0.794

HESTON 45.7 0.319 0.456 0.651 0.840

Table 3.6: Weekly hedging comparison on synthetic experiments between var-
ious hedging strategies. One additional feature dgg is added. The hedging
performance is evaluated in terms of local hedging risk.

' FS #2: x = {MONEYNESS, TIME-TO-EXPIRY, &ps}
2 Bold entry indicating best Gain

From Table 3.5, 3.6 and 3.7, we observe that, for daily and weekly hedging, including the
BS delta further improves the performance of the direct hedging learning methods, which out-
performs analytical delta hedging. For monthly hedging, however, the performance is similar to
what we obtain with that of the feature set #1. Overall, including the BS delta as an attribute is
beneficial for the direct hedging function learning.

3.4 Enhancement Over the Kernel Local Hedging Model

In this chapter, we have illustrated that, even in a nonparametric kernel approach to model the op-
tion value function, dependence on the underlying can exist for the estimated kernel parameters.

43



Method Gain (%) E(JAV"™M —ASS[) Std  VaR CVaR
DKLy FS 71 336 0.860 1181 1.612 1.949
FS #2 30.1 0.863 1217 1.652 2.104

DKLqy FS*l 35.4 0.858 1.165 1.610 1.922
FS #2 36.6 0.836 1156 1.609 1.953
HESTON 38.7 0.814 1.136 1.544 1.829

Table 3.7: Monthly hedging comparison on synthetic experiments between
various hedging strategies. One additional feature pg is added. The hedging
performance is evaluated in terms of local hedging risk.

I FS #2: x = {MONEYNESS, TIME-TO-EXPIRY, Ops }
2 Bold entry indicating best Gain

Consequently, using the partial derivatives of the model option pricing function, parametrically
or nonparametrically estimated, will fail to minimize hedging error, even instantaneously.

Thus, we propose to directly learn nonparametric kernel hedging functions by minimizing
the sum of square of the discrete local hedging risk, bypassing the intermediate step of the option
value function estimation. Using synthetic data, we first demonstrate that the proposed direct
hedging function learning significantly outperforms hedging based on the sensitivity of the model
option function learned nonparametrically. In addition, we demonstrate that spline kernel yields
better hedging performance in comparison to that of the RBF kernel. The exploratory research in
this chapter clearly demonstrates the potential role of a market data-driven approach for financial
derivative modelling and risk management.

However, we also notice the positive gain ratios (2.3.19) are smaller for monthly hedging in
comparison to daily and weekly hedging for the synthetic data. In addition, when testing on real
market S&P 500 index option with the DKLgp;. model and the feature set #2, we observed the
similar phenomenon as it is for the synthetic scenario: the gain ratio decreases when we move
from daily hedging to weekly and monthly hedging. The details of the real data comparison can
be found in [143] and will be discussed in details in chapter 5.

We suspect that neither the feature set #1 nor the feature set #2 is enough to learn a sufficient
data-driven local hedging model for longer period such as weekly and monthly. We are thus
motivated to enhance the data-driven local hedging model using the RNN framework by adding
the following components to include more features in computing the hedging position:

e Feature selection process.

e Sequential feature extraction process.

We demonstrate using real S&P 500 index option data that such enhancement greatly improve
the local hedging performance. Besides, the GRU g proposed in Chapter 4 is more computational
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efficient enabling us to update the model more frequently to incorporate market changes. Details
of the enhanced data-driven local hedging model GRUg will be discussed in chapter 4. The
experimental results of DKLgp;, and GRU g on real S&P500 index option data will be discussed
together in chapter 5.
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Chapter 4

Data-Driven Sequential Learning
Framework for Local Hedging Risk

In chapter 3, we have explored the data-driven kernel hedging model DKLgpy, [143]. However,
we believe that the data-driven hedging learning approach in [143] can potentially benefit from
further improvements in a few directions. Firstly, Nian et al. [143] only use moneyness, time-to-
expiry, and Black—Scholes delta as features to compute the hedging position. In practice, since
both the underlying and options markets have complex price dynamics, feature extraction and
feature selection can potentially further enhance hedging performance. Secondly, when com-
pute the hedging position at the rebalancing time ¢, only attributes observed at ¢ are used as
features in [143]. However, a financial market exhibits volatility clustering, describing a posi-
tive, significant, and slowly decaying volatility autocorrelation [ | 32]. For example, a generalized
autoregressive conditionally heteroskedastic (GARCH) model has been proposed for option pric-
ing because of its capability in better characterizing asset returns [104] . It has been shown that
the option pricing function under a GARCH model depends not only on the current underlying
price but also on the observed underlying price history [62, ]. This suggests that the infor-
mation immediately prior to the rebalancing time should be relevant in determining the hedging
position at the rebalancing time. Thirdly, the mean squared error is used as the loss function in
[143] but a more appropriate robust objective function and framework may lead to a more stable
optimal learning as the market shifts between crisis and normal regimes. Lastly, when a kernel
data-driven model needs to be updated frequently, e.g., daily, it is computationally prohibitive
to conduct backtesting over a long time period (e.g., a decade). Consequently the regularized
spline kernel network is only updated monthly in [143]. To accurately assess the potential of a
data-driven hedging approach, a model which is sufficiently computationally efficient needs to
be considered to allow more frequent updating in a back-testing study of a long time horizon.

To incorporate sequential information in the hedging model, we use the Recurrent Neural
Network (RNN), a feed-forward neural networks augmented with edges that connect adjacent
steps. In the early 1980s, Hopfield [108] introduced RNN for sequential pattern recognitions.
Jordan [119] and Elman [70] developed basic architectures for RNN with a group of neural
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networks that have a "memory” to capture past information. This can be beneficial in time series
applications.

Training RNN is similar to training the traditional neural network, with the Stochastic Gra-
dient Descent (SGD) as the primary optimization tool. The Back Propagation Through Time
(BPTT) algorithm is used to calculate gradients. However, vanishing and exploding gradients
[107] can occur when back-propagating errors across many steps, which pose challenges for
standard RNN architectures to learn long-term dependence between steps. The Long Short-Term
Memory (LSTM) [106] model and the Gated Recurrent Unit (GRU) model [40] are subsequently
proposed to address issues of vanishing and exploding gradients. LSTM and GRU utilize a gate
structure with element-wise operations, which can retain information in memory for a longer
period. This alleviates the problem of vanishing and exploding gradients [ 06]. GRU and LSTM
models are shown to perform better than the standard RNN model [40], although performances
of GRU and LSTM are comparable. Since GRU has fewer parameters than LSTM and usually
require less training data [ 187], we use the GRU in the proposed encode-decoder hedging model
GRUs.

4.1 The Proposed GRU; for market data-driven hedging

4.1.1 Local Discrete Hedging GRU Model

Figure 4.1 depicts the proposed local discrete GRU hedging model GRU g, which uses an encoder-
decoder structure to combine the local and sequential features, similar to the sequence to se-
quence (seq2seq) models [40]. This model uses both the local features at the hedging time and
the sequential features, which encode information immediately before the hedging time.

Consider a data instance at the hedging time ¢, strike K, and expiry 7. Let the associated

change of the market option price be AVtmTktK and underlying price change be AS;, as in (2.1.1).

Assume that at the hedging time ¢, we have local features vector X,T K ¢ R¥ which records local

information at the hedging time ¢ for hedging the option with expiry T and strike K.

Let At; denote the time interval for sequential information recording. In the subsequent
empirical study, the interval Az; equals one-day. We denote the sequential features recording the
daily history for hedging the option with expiry 7" and strike K as

yIK _ [T TK
t - yt—NAtd""7yt

For notational simplicity, we denote t; =¢ — (N + 1 —i)Ary with i = 1,...,N + 1, we thus have:

vk _

[ T.K T.K }
=

(SR YA

The vector yfT_ K € R% has d, features at time {; in the input sequential feature. Thus d; is the
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dimension for the local feature XtT K ds is the dimension for the sequential feature Y,T K and
N + 1 is the length of the sequential feature sequence.

The encoder transforms information from the sequential feature YtT’K to a fixed-sized vector

hz and the decoder makes the final prediction based on both hg and the local feature X,T K,

The overall structure of the proposed model is illustrated in Figure 4.1. Next we discuss each
component of the proposed encoder-decoder model in details.

4.1.2 Feature Selection via Embedded Feature Weighting

Feature selection improves machine learning performance by eliminating noise and providing
better interpretability. While various feature selection frameworks have been proposed, we con-
sider the feature weighting method [172], which embeds feature selection in the SVM training.
This embedded feature weighting method is shown to outperform other state-of-the-art embed-
ded feature selection methods [172]. We adopt a similar feature weighting embeddin% technique
in the discrete GRU model to conduct feature selections on both the local feature x; K and the
sequential feature YtT K Features are first weighted and then fed into the encoder and decoder as
inputs. Feature weights are optimized during model training.

We use a softmax function to generate a normalized feature weighting vector. For the local

feature X,T K e R, the 7™ component of the normalized weight vector is given by

exp(a)]L)
d
,'L1 exp(a)iL)

The weighted local feature vector is defined as

rk_ exp(oh) TK
%K= e ox/
1 exp(oF)
i=1€XP O
where © denotes the element-wise multiplication.

Similarly, for the sequential feature y{ K the Jih component of the normalized weight vector
is given by
exp( (1);-q )
ds
Lty exp())

The weighted feature vector at time ; is defined as

/};T,K . €XP((US) T K
T vd %
LY ep(ed)

The weighting procedure acts as a feature selection. If a particular feature is not relevant in
compute the hedging position, the associated weight after learning is expected to be negligible.
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Figure 4.1: GRUg: GRU encode-decoder hedging model. The encoder summarizes the time

series YtT K — [ytTl ’K, . ’yfT/\;i] as a succinct vector ﬁE The decoder outputs the hedging position

based on the vector hg and the local feature vector X,T K observed at the hedging time ¢. More
specifically, in the decoder, a candidate output 5[’MT7 18 firstly produced. The final output SLMT. x 18

~

computed based on the linear combination of BS delta 55% x and the candidate output 6t7MT7 x- The
combination weight is determined by Ws. The feature weight ®” and @3 are used to produce the
weighted local feature and itT K and weighted sequential feature §tT K respectively. The weighting
acts as a feature selection process. Each edge in the graph has an arrow on it, pointing from a
node whose output is used by the node pointed by the arrow as an input.
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4.1.3 GRU Encoder

The proposed GRUj in Figure 4.1 has an one-layer GRU, which encodes the sequential feature
Y,T X to a fixed-sized vector hg . At the step i, the encoder com?utes the value of the hidden state
h; using a GRU cell. The input at the step 7 of the encoder is ?tK ,i=1,...,N+ 1. The internal

structure of the GRU cell is shown in Figure 4.2.
LetW_ U, b, W, U, b, W, U,Db, denote parameters shared by all GRU cells.

1. The update gate decides how much the cell updates its activation:

7, = sigmoid(WﬁiTi’K +U:h;_1+b,)

2. The reset gate decides how much information to retain from the previous hidden state
B T.K
r; = sigmoid (Wrifi’ +Uh;_;+Db,)

3. The candidate hidden state value Hi is computed from the current input /y\tT K previous
hidden state h;_, and the reset value r; :

h; = tanh(Wh/y\ETi’K +Up(ri©h;_1)+by)

4. The output hidden state value h; is computed based on a weighted combination of the
previous activation h;_; and the candidate activation h;:

h;=(1-2)0h_| +zoOh

The hidden state at the last step hy., corresponding to time Ty, = ¢, is supplied to the
decoder as the fixed size vector hg, which extracts relevant information in Y, ™.

4.1.4 Decoder

The decoder combines the output of the encoder from the sequential feature Y,T K at the hedging

time ¢ with the current local feature X,T K1t uses one neural network layer to firstly compute a

candidate output 6tMT x> based on both the weighted local input i,T K and the fixed size vector hg

~

5M. x = sigmoid(V!, tanh(U puhg +W o X +bour)).

The the output gate value W is given by another neural network layer, based on both the
weighted local input ﬁ,T K and the fixed size vector hg :

. = ~TK
Ws = szgmozd(vgm tanh(U Gaehg +WeweX; ™ +bGate))- 4.1.1)
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Figure 4.2: Illustration of the GRU cell. At step i, GRU cell produces a vector h; as the current
hldden states based on the hidden states produced from the previous steps h;_; and the input
yv K. The reset unit produces the weight r; which determines how much information is retained
from h;_;. The final output from the GRU cell h; is computed based on a weighted combination
of the previous activation h;_; and the candidate activation Hi, where the combination weight z;
is produced by the update unit. Each edge in the graph has an arrow on it, pointing from a node
whose output is used by the node pointed by the arrow as an input.

The practitioner’s BS delta encapsulates a significant portion of the sensitivity of the option
price to the underlying and has been adopted in option hedging practice. Therefore we use BS
implied volatility delta as a pre-trained model in the designed GRUj to utilize both local and
sequential features to minimize hedge risk. We believe that incorporating the practitioner’s BS
delta into our model will not only expedite the learning process but also enhance the performance
of hedging results. This unique and innovative aspect distinguishes our work from other data-
driven models. Speciﬁcally, the output of the proposed GRUj is a linear combination of the
candidate output 5 T x and the BS delta 0, % x computed from the implied volatility at the hedging
time ¢ for the optlon with expiry 7" and st7ri7ke K. In addition, different combination formula are
used when training for different types of options. For hedging a call option, the final output from
GRUg is :

&'k = 5, Yk X W+ 877 x (1—Ws) (4.1.2)

For hedging a put option, the final output from the model is:
8k = =007k x W5 + 87 x (1= W5) (4.1.3)

where 5 TK is the candidate output. When Wy = 0, 5}}97 x 18 the output and, when W5 = 1, the

output is the candidate 5 k- The combination weight Wy is defined in (4.1.1). The sigmoid
function is used as the ﬁnal activation function because, under the Black-Scholes-Merton frame-
work [20], the range of the hedging position for call options is [0, 1] and the range of the hedging

51



position for put options is [—1,0]. It can be easily shown that 5%7 x> given by (4.1.2), is within
[0, 1] and 5%7[{, given by (4.1.3), is within [—1,0].

4.1.5 Robust Loss Function

At the hedging time #;, for the data instance i with strike K;, and expiry 7; , the local discrete
hedging loss is:
lossi = AVt — ASi &1 &

where 53&, k; 1s the corresponding final output from GRUs, AS;, denotes the change in the market
underlying price, and AVtT]k{ k; denotes the change in the market option price, see (2.1.1). Let M
be the number of data instances. The objective function used in the data-driven regularized kernel
hedging model in [143] is the mean squared loss,

1 M
MSE = — Y loss?. (4.1.4)
i &1

Since the quadratic error function is sensitive to outliers, in this work, we additionally incorporate
the Huber loss function [ 1 10] below in the proposed GRU:

1 M
HE = A—/[i:ZiHuber(lossi),

where Huber(+) is as defined below:

3loss?, if |loss| < T

Huber(loss, ) = { T (|loss| — %9), otherwise

The Huber loss [110] has been shown to be more robust than the squared loss with respect
to outliers, when the threshold parameter .7 is carefully chosen a priori. In the context of
machine learning, the parameter .7 can be tuned but this can be computationally expensive. In
the proposed GRUyg, since delta from the BS model with the implied volatility is used as a pre-
trained model, we adaptively set the threshold parameter .7 to be absolute value of the hedging
error from the Black—Scholes delta of the data instance i, i.e.,

i = AV, — 05,655, | @15

where 5[?% k; 1s the Black—Scholes delta using implied volatility for data instance i. The modified
Huber loss becomes
Lloss?, if |lossi| < .7

MHuber(loss;, 7;) = { Ti(|loss;| — %%), otherwise
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Using the Huber loss with the adaptive threshholding parameter in (4.1.5), the objective for the
proposed GRUj is:

1 M
MHE = M;MHuber(lossi, ;) (4.1.6)

4.2 Training GRUj;

Next we discuss training GRU g, including initialization, pre-training, optimization, and regular-
ization.

4.2.1 Initialization

When training a RNN model, an initial weight matrix is typically chosen as a random orthogonal
matrix. Since the orthogonal initialization can often speed up training [124], all the weight ma-
trices are initialized as orthogonal random matrices in training GRUg. The random orthogonal
matrices are Householder transformations of random matrices [ 124].

4.2.2 Optimization

First-order optimization methods, such as stochastic gradient descent (SGD) and its extensions,
are the most widely used optimization methods in machine learning, due to their low computa-
tional costs. Despite their wide usage, well-known deficiencies when training highly non-convex
objective functions include relatively-slow convergence, sensitivity to hyper-parameter values
(e.g., learning rate), stagnation at high training errors, and difficulty in escaping flat regions and
saddle points [ 85].

More recently, improved SGD methods such as ADAM [120], have been proposed. These
methods seem to achieve significantly better solutions compared with earlier SGD. However, it
has recently been empirically observed in [155] that these algorithms sometimes fail to converge
to a first-order critical point due to the exponential moving average used in these gradient descent
algorithms.

Since the data size and the number of the parameters in GRUg are relatively small (total
number of parameters < 1000), which is a distinguishing characteristics of many financial data
mining problems, it is computationally feasible to apply a second order optimization method.
Furthermore, the recently proposed trust-region sub-problem solver [125] computes the trust
region sub-problem solution iteratively requiring only Hessian-vector products. Consequently
we use a trust region method, which is shown in Algorithm 4.1, when training GRUg. The
meta-parameters for trust-region algorithm are shown in Table 4.1.
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Algorithm 4.1: Trust-region Algorithm

Input: 6y € R": initial vector of parameters.
Obj(6): the objective function
. initial trust region radius
£€p: tolerance for the norm of the gradient
& tolerance for the trust region radius
Ny, first threshold for update the trust region radius
Nr,: second threshold for update the trust region radius
Y. > 1: ratio to increase the trust-region radius
0 < 74 < 1: ratio to decrease the trust-region radius
Output: 6*: the vector of parameters that minimize the objective function Obj(0)

1 begin

2 k=0;

3 while ||V0bj(9k)||2 > Eg and%’k >¢-do

4 solve the trust-region subproblem [125]:

st = argmin my (s) = Obj(6;) + s VObj(6;) +sT V2Obj(6;)s
N

s.t. ||s|l2 < %y
define . '
P, - Obj(6k) — Obj (6 +s7)
Ob j(Ok) — my(sy)
5 if 2, > n,, then
6 Oci1 = O+ 5%
7 else
8 Ocr1 = 6
9 end
10 Update the radius:
Yullsgll2, if 7, <1y
K1 = P, it n, < P <1y,
max (Yu|sill2, Zx), if P>y,
k=k+1
11 end
12
0" =6,
13 end
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Table 4.1: Parameters for the trust-region algorithm. The trust-region algorithm is used for
training all the data-driven models based on neural network framework in this thesis.

4.2.3 Pre-training and Regularization

We use early stopping as the regularization [153]. At each training date, we reserve a fraction of
the observed data to be the validation set. The rest of the observed data is used as the training
set. The performance on the validation set is used to avoid over-fitting. Let 6 denote the set
of parameters to be learned for the proposed GRUg. After each training step k, the model
performance is evaluated on the validation set and the associated parameters 6 is recorded.
Model training optimization is performed on the training set until the trust-region optimizer
terminates. The parameters 6 that achieve the best performance on the validation set is used to
predict the hedging position for the testing data instances.

For GRUyg, the training optimization problem is nonconvex, which can benefit from a good
initial model. We choose the initial model for the training problem by matching the output
of GRUj to the pre-trained BS model 6t375~_ k- Specifically, we determine the initial model for
training optimization by solving the nonlinear least square problem below,

1 M

. 2
min Z(@%,Ki - 55% )% (4.2.1)

i=

where the starting point for (4.2.1) is a set of randomly initialized weight matrices, as described
in section 4.2.1.

Using a solution to (4.2.1) as the initial model, we train GRUg with the robust objective
function (4.1.6). Recall that the output of GRUyg, either (4.1.2) or (4.1.3), is a linear combination
of the candidate output /S;MT x and the BS delta 55% x computed from the implied volatility. When
Ws approaches 0, the output of GRUg converges to 6375’ x as the output. When Wy approaches

1, GRUjg outputs candidate 5% k- This simple combination structure allows the pre-training

phase to be finished in just a few training steps.! The pre-training stage guarantees that the initial
performance of the model on the validation set is close to 5,19% k- If the output from the model

after training performs worse than 5575: x on the validation set, we use the initial model after
pre-training.

Additionally the validation set is also used to select whether to use the mean square objec-

Note that we will also stop the pre-training when W5 > 0.97.5 or W5 < 0.025. This is because, when we have
Ws > 0.97.5 or W5 < 0.025, due to saturating gradient problem of the sigmoid function, the initial gradient, when
training with actual local hedging objective, will be very small. This will slow down the first few learning steps
when training with actual local hedging objective.

55



tive function (4.1.4) or the modified Huber loss objective (4.1.6) . The model trained with the
objective function that performs better on the validation set is used when predicting the hedging
position of the testing data instances, which are unobserved at the time of training.

4.2.4 Model Re-use and Re-initialization

In contrast to the regularized kernel method in [ 143], one advantage of the proposed GRU 5 is that
the parameters from one trained model can be readily reused as the starting point for the model
training on a subsequent rebalancing day. This allows a model to be updated more frequently,
adapting to market changes without completely rebuilding a model. The kernel method in [143],
on the other hand, recomputes the kernel matrix at each rebalancing time, which requires O(m?)
computation assuming a completely new kernel matrix. Thus, updating the model frequently
using the kernel method in [143] is computationally prohibitive.

An artificial neural network is known to potentially suffer catastrophic interference or catas-
trophic forgetting [136], i.e., a model forgets completely and abruptly previously learned infor-
mation upon observing new information. When this happens, the resulting broken model usually
has poor generalization ability. If a broken model with poor generalization ability is allowed
to be continually updated, the performance of all the future models may be negatively affected.
Thus, whenever a worse performance, in comparison to 5th x » 1S observed on a validation set,
we re-initialize the parameters of GRU 5 and pre-train the model again. This avoids continually
updating the broken model. If after model re-initialization and training, the performance of the
proposed GRU § remains worse than that of 55% x on the validation set, we simply output 5[1}97 K-

In summary, we initialize the model as described in section 4.2.1 and 4.2.3 on the first testing
date. When we train the model, we reuse the parameters from the previously trained model as
the starting point unless the performance of the proposed GRU 5 is worse than that of 6}3% x> 1N
which case we re-initialize the parameters of the proposed GRU g and train the model agéifl.

4.3 Alternative Data-Driven Hedging Models Under Neural
Network Framework

Before jumping into the real data experimental results for local discrete hedging in Chapter 5,
we introduce the following supplementary models:

1. To gain insights on the roles of the decoder and encoder in the proposed GRUg, we also
consider a decoder only model NN, which corresponds to removing the encoder from
GRUj in Figure 4.3. We train NN in the same way as described in section 4.2.

2. To gain insights on the role of output gate and robust Huber loss, we remove the output
gate part of the decoder model. The resulting model is shown in Figure 4.4. In other words,
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Figure 4.3: NNg: decoder GRU only. This simplified model only retains the decoder. The
decoder computes the hedging position solely based on the information vector X,T K observed at

time 7. A candidate output SIMT x 1s produced. The final output 5% x 1s computed based on the

~

linear combination of BS delta 5th x and the candidate output 5IMT k- The combination weight

is determined by Ws. The feature weight @’ is used to produce the weighted local feature 32,T K,
The weighting acts as a feature selection process. Each edge in the graph has an arrow on it,
pointing from a node whose output is used by the node pointed by the arrow as an input.

the output 8 is purely based on ﬁE and ilT K,

&M x = sigmoid (L, tanh(U puhg +W X! ™ +bour)).

We denote the model shown in Figure 4.4 as GRU,. The training procedure of GRU, is
slightly different from GRUg: the objective function is fixed to be the mean squared loss.
Therefore, by comparing the hedging performance from GRU, and GRU g, we can see the
importance of the robust Huber losses and the output gate mechanism.
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e} o

Figure 4.4: GRU,: This simplified model removes the output gate in the decoder. The encoder

summarizes the time series Y,T K= yle ’K, e 7ygv’Kl] as a succinct vector EE The decoder outputs
+

the hedging position based on the vector hg and the local feature vector xtT K observed at the

hedging time ¢ directly. The output gate is removed and we do not combine the output with SIBﬁ X

using linear combination as in Figure 4.1. Each edge in the graph has an arrow on it, pointing
from a node whose output is used by the node pointed by the arrow as an input.
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Chapter 5

Local Discrete Hedging Performance
Comparison Using S&P 500 index Options

Using the S&P 500 (European) index option market data from January 2, 2001 to August 31,
2015, we compare hedging performance of different hedging strategies.

Following [112], we use the Gain ratio below as the evaluating measure for the hedging
performance:

2
;'n:l ((AVzTYIEi[7K,v - 6ti77}:Ki ASti)
GAIN=1-—

27
m mkt BS
i=1 ((Avli~,Ti:Ki ~ 0Tk AS@)

where m is the total number of data instances to be evaluated. In addition, for the data instance
i, corresponding to hedging option with expiry 7; and strike K; at hedging time #;, we recall that
5,?% k; 1s the implied Black—Scholes delta, 0, 1. k; 1s the hedging position from the method under
cohs:ideration, e.g., SABR delta, MV delta, and output from DKLgp; or GRUg. In addition
AV[%” k, 1s the change in option price, and AS;, is the change in the underlying price which are

given by (2.1.1).

5.1 Data and Experimental Setting

The option data used in this study comes from the OptionMetric database and the data is pro-
cessed following the same procedure described in [ 12]. On each day, the mid-price from the bid
and ask is used as the price of the option on that day. The closing price for the underlying is re-
garded as the daily underlying price. Options with time-to-expiry less than 14 days are removed
from the data set. The call options with the BS delta 55% x from the implied volatility outside of
[0.05, 0.95] and the put options with the BS delta 6,B§ x from implied volatility outside of [-0.95,
-0.05] are also excluded from the data set. These removed option prices are noisy and unreliable
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since they correspond to either deeply out-of-money options, deeply in-money option, or very
short term options. As in [|12], the option data instances are divided into nine buckets accord-
ing to the Black—Scholes delta 825 from the implied volatility (rounded to the nearest tenth) for
detailed hedging performance comparisons.

Inputs to GRUy, Y,T K e REX(NHD) are 6 sequential features and the length of each sequence
is 6, i.e., dg = 6 and N = 5. At each hedging time ¢, Y,T K is the matrix recording the historical
time series of the feature listed in Table 5.1.

option mid price

option implied volatility
option BS delta

option BS gamma
option BS vega
moneyness

Table 5.1: Sequential features for model GRUg at time ¢ are the historical time series of the
features listed in this table

At each hedging time ¢, there are 10 local features X,T X which are given in Table 5.2 :

moneyness
time to expiry

index close price

option bid price

option offer price

option BS delta

Oyv from equation (2.3.5)
option implied volatility
option BS gamma

option BS vega

Table 5.2: Local features xtT K at time 7 for model GRUg

__ The number of hidden states, for the single-layer GRU encoder, the neural network outputting
6LMT7 x> and the neural network outputting Wy in Figure 4.1, are all set to be 5. In comparison with
most RNN applications, we train a relatively small model and the number of data instances
available for the hedging problem is also relatively small. We note that our training and testing
data instances are generated from daily observations with a moving window. On each day, data
instances observed in the previous 36 months are reserved as the training set and the validation
set. For daily and weekly hedging, the validation consists of the data instances observed during
the past 30 days. For monthly hedging, the validation set is the data instances observed during
mkt

the previous 60 days. This is because, for monthly hedging, the AS; and AV/7 of many data

60



instances during the last 30 days have not been observed.! The data instances, which are observed
in the previous 36 months but are not used in the validation set, are used as the training set. The
models are updated daily.

We note that the length of our backtest time is longer than a decade. Since learning a single
DKLgpr, model for all options will be computationally expensive, a separate model is built for
each delta bucket when training DKLgpy , which has the feature set # 2 below

S
{moneyness (E) ,time-to-expiry (T — t), Black—Scholes delta(St?% K)} :

In addition, we use the efficient leave-one-out cross-validation (LOOCYV) as in section A to
choose regularization parameter Ap for DKLgpy . For each month, LOOCYV is used to choose a
value of the regularization parameter from the candidate set as below:

Ap € {107,10%,10°,10%,10°,10%,10°,107,1072,1072,107%,1073,107¢,107"}.

For the call option, the DKLgpy for each bucket is estimated using all options traded in a 36
months window. For the put option, there is much larger variation in the number of data instances
in each bucket. To ensure a reasonable training data size, we have used a time window of 24
months for delta buckets -0.1 and -0.2, window of 36 months for delta buckets -0.3 and -0.4,
window of 48 months for delta buckets -0.5 and -0.6, and window of 72 months for delta buckets
-0.7,-0.8 and -0.9. Hence, the training data for puts ranges from Jan 2001 to August 31 2015. We
train the direct hedging function model DKLgpy using all options traded in a fixed time window,
as described above, and determine the hedge each day in the following month using the trained
model, following the same sliding training-testing window procedure in [ 12]. Furthermore, the
DKLgpp. model is updated monthly due to the limitation of computationally cost.

The training set, the validation set, and the testing set are the same for GRUg, GRU,, and
NN;. The training procedure is the same for GRU s and NNg which is described in section 4.2.
In addition, GRU_, is trained using the data instances, observed in the previous 36 months and
procedure described as in section 4.3.

For additional reference, we also include the performance of the MV model (2.3.5) and
Bartlett delta on weekly and monthly hedging. For MV in Table 5.3 & 5.4, on each day, the
model parameter, a, b and ¢ are estimated using all traded options in a 36-month-window. 2

For DKLgp;, and GRUg, we present out-of-sample daily hedging performance test result
using either traded data or all data in the database.

'As an example, assume the model is trained on 2022-01-03. The previous 30 days period as of 2022-01-03
is from 2021-12-03 to 2022-01-02. However, we cannot observe AS; and AVtmTk’K for any of those dates since 20
business days away from 2021-12-03, which is the starting point of this period, is 2022-01-05, which is after the as
of date:2022-01-03.

ZNote that, in the OptionMetric Database, not all the option data instances are actually traded. For many data
instances, the trading volumes are zero. It is not clear to us whether the reported test results in [ | 12] are computed
using all data or traded data only.
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5.1.1 Weekly and Monthly Hedging Comparisons

We first present hedging comparisons for weekly and monthly hedging. We assume a period of
5-business-days for weekly hedging and a period of 20-business-days for monthly hedging. We
note that the MV hedging method is only considered for daily hedging in [ 12].

Specifically, we compare the following methods,

e GRUyg: The sequential learning framework trained as in section 4.2.
e MV: MV hedging based on formulation (2.3.5),
e Bartlett: Barlett corrective delta based on (2.3.18),

e DKLgpy : Direct spline kernel hedging method as in 3.2,
e NNj: NN with the decoder only described in Figure 4.3.

e GRU,: The sequential learning model excluding the output gate and trained with MSE
objective only.

Table 5.3 present comparisons for calls while Table 5.4 demonstrate comparisons for puts.
We further note that the parameters of MV are updated daily in this section while the parameters
of MV in [112] are updated monthly. We also note that the out-of-sample results for the MV
model in [ 1 2] are obtained with daily changes of the index price and option price in [ | | 2] while,
in Table 5.3 and 5.4, the out-of-sample results are obtained with weekly and monthly changes
of the index price and option price. The SABR model used to compute the Bartlett delta is also
calibrated daily.

From Table 5.3 and Table 5.4, we observe that, overall, GRUg outperforms GRU., MV,
Bartlett, DKLgpr , and NN. In addition, the hedging performance of the four data-driven mod-
els, DKLgpr, NNg, GRU., and GRUy, is significantly better than that of the MV model and
Bartlett except for put option weekly hedging where Bartlett correction performs better than
DKLgpy.. This is not surprising since the MV formula (2.3.5) and Bartlett formula (2.3.18) are
based on instantaneous hedging analysis. Furthermore, by comparing DKLgp; with NN, we
see that the decoder only NNy still achieves significant improvement over DKLgpy.. The im-
provement possibly comes from inclusions of more local features in NNg and more frequent
updates of NN, timely addressing the market changes. The overall improvement of GRU
over NN illustrates the important role of the GRU encoder, which incorporates sequential fea-
ture information, in weekly and monthly hedging. Lastly, the overall improvement of GRU
over GRU, illustrates the important role of the output gate, the robust Huber loss and the robust
training procedure in section 4.2.
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Comparing Model(%)
Weekly Monthly
MV Bartlett  DKLgpp. NN GRU, GRUj; MV Bartlett  DKLgp NN GRU, GRUj;
0.1 263 -169 389 356 366 478|135 -8.2 227 297 348 539
0.2 216 -56 290 364 396 485|164 04 235 384 389 517
0.3 201 119 235 38.6 397 485|179 2.1 240 402 417 50.2
0.4 181 173 208 387 389 459|169 2.7 21.0 386 426 478
0.5 16.0 21.7 199 423 375 46.6 | 152 57 135 363 423 445
0.6 12.1 241 173 434 335 448 | 127 84 143 360 40.7 44.6
0.7 81 263 168 45.6 31.1 439 | 59 75 6.1 302 263 353
0.8 37 255 125 396 317 377 )| -12 42 53 223 263 248
0.9 24 217 62 263 287 164 | -1.8 98 41 211 173 105
Overall | 15.1 18.6 202 399 335 437|134 45 163 354 380 445

Delta

Table 5.3: S&P 500 call options hedging comparison on traded data, bold entries indicating
best Gain. The Gain ratio is a measure for the local hedging performance. The larger the
gain ratio is, the better improvement the model achieves over the baseline BS delta hedging
method in terms of local hedging risk. The gain ratio is reported on different delta buckets.

Comparing Model(%)
Weekly Monthly
MV Bartlett ~ DKLgpp. NNg GRU, GRU; MV Bartlett ~ DKLgpp. NNg GRU, GRU;
-0.9 239 9.1 101 295 321 347|169 12 65 283 274 326
-0.8 215 -0.1 183 396 40.1 442 | 115 56 6.1 417 356 495
-0.7 19.1 04 202 440 396 496 | 96 6.7 73 434 41.1 524
-0.6 16.1 9.1 208 430 403 513 | 81 86 103 421 415 51.6
-0.5 153 209 224 434 363 535 | 7.7 132 139 412 427 514
-0.4 123 257 21.0 414 346 532 | 68 144 156 407 429 534
-0.3 9.7 294 222 382 374 511 | 47 13.6 195 341 425 484
-0.2 7.8 33.1 208 29.8 254 463 | 29 107 20.6 21.7 247 44.7
-0.1 49 305 192 155 104 372 | -1.8 108 13.0 123 151 26.8
Overall | 144 264 204 387 325 491 | 86 12.1 13,5 38.6 40.5 49.5

Delta

Table 5.4: S&P 500 put options hedging comparison on traded data, bold entries indicat-
ing best Gain. The Gain ratio is a measure for the local hedging performance. The larger
the gain ratio is, the better improvement the model achieves over the baseline BS delta
hedging method in terms of local hedging risk. The gain ratio is reported on different
delta buckets.
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5.1.2 Feature Importance

Next, we discuss feature importance in the trained model GRUg. Specifically, we show how
the normalized feature weight, for both the local features xtT K and for the sequential features X,
changes from Jan 2007 to Aug 2015. The normalized feature weight vector are:

exp(wr)
Zi] exp (wlL )
and
exp(®>)
L exp(@f)
respectively. The feature score, shown in Figure 5.1& 5.2, represents the normalized feature

weights averaged over a calendar month for the model trained using traded data instance. Note
that the model is updated daily and the normalized feature weights vary with the training date.
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Figure 5.1: Feature scores for weekly and monthly hedging models GRUg on traded S&P500
call option data.

From subplots (a) and (b) in Figure 5.1, it can be observed that, for weekly hedging call
options, the index price S is ranked as the most important local feature after Jan 2010. Moreover,
the average weight for the index price S exhibits an increasing trend after Jan 2009. The past
implied volatility sequence is ranked as the most important sequential feature after March 2009.
The average weight for the past implied volatility sequence also exhibits an increasing trend after
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Jan 2009. From subplots (c) and (d) in Figure 5.1, it can be observed that, for monthly hedging
the call option, the index price S is always ranked as the most important local feature. In addition,
the average weight of the index price S is always higher than 0.5 after Jan 2008. The past implied
volatility sequence is always ranked as the most important sequential feature after Jan 2009. The
average weight for the past implied volatility sequence also is always greater than 0.4 after Jan
2008.

For the put option, the situation is slightly different. From subplots (a) and (b) in Figure 5.2,
we can see that, for weekly hedging the put option, the index price S is often ranked as the most
important local feature. The past implied volatility sequence and the past BS delta sequence are
identified as the two most important sequential features. From subplots (a) and (b) in Figure
5.2, we can see that, for monthly hedging put options, the index price S is ranked as the most
important local feature after Jan 2008. The past implied volatility sequence is ranked as the most
important sequential feature after Jan 2013.

Overall, the index price § has often been identified as an important local feature for hedging
both call and put options. Since the BS delta of the implied volatility is one of the local features,
this confirms the fact that the BS delta does not capture all dependence on the underlying In
addition, the past implied volatility has often been identified as an important sequential feature
for hedging both calls and puts.
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Figure 5.2: Feature score for weekly and monthly hedging models GRU 5 on traded S&P500 put
option data

65



5.1.3 Daily Hedging Comparison

Insection 5.1.1 - 5.1.2, we have presented hedging comparisons for weekly and monthly hedging.
Now we compare the proposed GRU g with the following methods for daily hedging,

e MV: MV hedging based on formulation (2.3.5),

LVF: MV hedging in [ | 2] from local volatility function based on formulation (2.3.14),

SABRyy : MV hedging in [ 12] from SABR model based on formulation (2.3.20),

855: implied volatility Black—Scholes delta,

Bartlett: Bartlett formula based on (2.3.18),

e DKLgpy: Direct spline kernel hedging method as in 3.2.

We have omitted NN s and GRU_, in the daily hedging comparison since it has been shown
to underperform GRUg. But we have added LVF and SABRyy since they are based on instan-
taneous hedging analysis and are more suitable for daily hedging. Overall, all methods perform
similarly in terms of daily hedging with data-driven model slightly outperforming the parametric
models.

Since the same S&P 500 index option data from the OptionMetric Database 1s used here,
we simply quote the results presented in [!12] for MV, LVF, and SABRyy, and the results
presented in [143] for DKLgpy..

As stated in [ 12] and section 2.3.1, the SABRy;v model is calibrated daily, from which the
hedge position is determined and applied the next day. For LVF, the partial derivative of the
expected implied volatility to the underlying is calculated from the slope of the observed implied
volatility smile daily. For MV, the model parameter, a,b and c are estimated using all options in
a 36-month-window and then applied to determine the hedging position daily in the subsequent
month.

Table 5.5 presents daily hedging comparisons for call options. From Table 5.5, using either
traded data or all data for testing, GRU 5 outperforms the minimum variance hedging methods
reported in [ 12] in the overall performance. For most delta buckets, delta greater than or equal
to 0.3, the performance of GRUj is better than those of the minimum variance hedging methods.
However, for the bucket of the delta value 0.1 or 0.2, the performance is slightly worse.

In addition, from Table 5.5, the performance of the GRU g model is slightly better than that
of the kernel hedging DKLgpy in overall performance. For the delta buckets 0.3-0.9, GRUjg
outperforms the direct kernel hedging DKLgp; . However, GRU s performs slightly worse for
the delta bucket 0.1 and 0.2.

Table 5.6 presents daily hedging comparisons for put options. Table 5.6 shows that both
overall performance and the performances for different delta buckets of the GRUg model are
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better than those from minimum variance hedging methods in [| | 2] and the direct kernel hedging
DKLgpy, for testing result using all data. Similarly to the call, GRUg has model bold entries in
most of delta buckets, indicating outperforming other methods.

Both GRUg and DKLgpy are non-parametric data-driven hedging methods, with a main dif-
ference in features included. The hedging performance comparison between the two suggests
that including the sequential features and more local features improves the overall hedging per-
formance slightly for daily hedging.

Bartlett ‘ Data-Driven Model
Delta | MV (%) SABRmv(%) LVF(%) DKLgpr, (%) GRUg (%)
Traded Al | 1 jed Al Traded  All
0.1 42.1 394 42.6 29.0 35.1 47.1 48.6 32.3 338
0.2 35.8 334 36.2 28.2 323 37.8 40.0 33.7 364
0.3 31.1 294 30.3 27.7 289 34.1 35.1 341 35.5
0.4 28.5 26.3 26.7 287 27.3 32.3 32.0 33.7 34.2
0.5 27.1 24.9 25.5 269 26.7 293 294 35.1 33.0
0.6 25.7 25.2 25.2 283 26.6 299 284 35.6 32.1
0.7 254 24.7 25.8 28.5 264 29.0 26.8 31.8 29.7
0.8 24.1 23.5 254 23.1 249 259 247 28.6 26.5
0.9 16.6 17.0 16.9 14.0 15.6 17.7 139 19.3 189
Overall 25.7 24.6 25.5 27.1 24.8 31.3 26.0 32.9 28.7

Table 5.5: S&P 500 call option hedging for 1-business day: bold entries indicating best Gain.
The Gain ratio is a measure for the local hedging performance. The larger the gain ratio is, the
better improvement the model achieves over the baseline BS delta hedging method in terms of
local hedging risk. The gain ratio is reported on different delta buckets.

We similarly demonstrate feature importance in Figure 5.3&5.4 for daily hedging. From
Figure 5.3, it can be observed that, for daily hedging call options, MV delta 8¥V and index price
S are the local features that are often ranked as the most important under GRU 5. The history of
BS delta 855 is ranked as the most important sequential feature during most of the months. The
past implied volatility sequence is often ranked as the second most important sequential feature.

From subplots (a) and (b) in Figure 5.4, it can be observed that the index price S is of-
ten ranked as the most important local feature for daily hedging put options. The past implied
volatility sequence, the past BS delta sequence, and the past option price V,,;; are often identi-
fied as the three important sequential features. A natural extension is to extend the sequential
local hedging model to be a total risk hedging model where we rebalance multiple times until
the expiries of the options. In the following chapter 6, we discuss the challenges associated with
building such models and present our exploration on the data-driven total risk hedging model.
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Bartlett Data-Driven Model

Delta | MV (%) SABRyvy(%) LVFE(%) DKLgpr (%) GRUg (%)
Traded Al | 1 ded Al Traded Al
-0.9 15.1 11.2 -7.4 9.1 234 8.6 13.6 151 17.2
-0.8 18.7 19.6 6.8 32 219 6.5 16.7 23.2 285
-0.7 20.3 17.7 9.1 1.5 20.1 106 19.8 28.5 32.8
-0.6 20.4 16.7 9.2 6.1 19.2 149 21.0 28.3 339
-0.5 22.1 16.7 10.8 155 21.3 225 23.1 29.2 34.5
-04 23.8 17.7 12.0 21.0 244 242 252 299 34.7
-04 27.1 21.7 16.8 26.7 29.0 277 28.3 30.6 33.6
-0.2 29.6 25.8 20.6 29.3 31.6 30.1 30.8 254 299
-0.1 27.5 26.9 17.7 314 325 29.1 31.2 18.7 214
Overall 22.5 19.0 10.2 20.0 248 234 232 26.2 29.7

Table 5.6: S&P 500 put option hedging for 1-business day: bold entries indicating best Gain. The
Gain ratio is a measure for the local hedging performance. The larger the gain ratio is, the better
improvement the model achieves over the baseline BS delta hedging method in terms of local

hedging risk. The gain ratio is reported on different delta buckets.
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Chapter 6

Data-Driven Sequential Learning for Total
Hedging Risk

As we have discussed in section 2.1, in reality, one often want to hedge until the expiry of the
option. Total risk measures the hedging error from a dynamic hedging strategy in the entire
hedging horizon. While mininimizing local risk has the effect of limiting the total hedging error,
we investigate here whether minimizing the total hedging risk directly can lead to better total
risk mimization strategy. From the mathematical model perspective, such enhancement seems
achievable. Indeed, recently a deep hedging model was proposed to minimize the total option
hedging risk evaluated at the option expiry [28]. It is shown that using a RNN to represent the
hedging position model can be a computationally efficient framework to determine the optimal
hedging function when the market is incomplete, e.g., under the transaction cost [28].

Although minimizing the total hedging risk, which is the hedging portfolio value at the expiry
T, is more desirable, there are several major obstacles in obtaining enough market data to build
a data-driven total hedging model due to the fact that options listed in the exchanges often have
fixed expiry dates (e.g., once a month for S&P500 index options). The deep hedging model [28]
is only built on synthetic data. Due to the lack of market data needed to build a model, applying
the deep hedging model [28] can be challenging in real world applications. !

In this chapter, we provide a technique to deal with the issue of lack of market data. In
addition, a sequential total risk hedging model GRUq1ay is introduced to minimize a discrete
total risk hedging objective. We then build the total risk hedging model GRUqra; based on the
data augmentation technique we propose and demonstrate its effectiveness and the performance
of the total risk hedging model GRU o1 using real market data experiments. The goal in this
chapter is to learn a hedging model for hedging option from a total hedging horizon of Ny days
to expiry.

IBefore 2016, the expiry date for S&P500 index options is fixed as the third Friday of each month. The CBOE
introduces weekly S&P500 option in 2016 and daily S&P 500 options in 2022. However, in this thesis, the option
data is gathered between 1996 and 2015, therefore, data augmentation is still needed. We comment that if we apply
our data-driven model as of now, the lack of data issue will be significantly improved.
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6.1 Total Risk Hedging Model

In this section, we describe the total risk hedging model. Figure 6.1 depicts the proposed total
risk GRU hedging model GRUrgrar, Which is an extension from the local hedging model GRU 5
we proposed in Chapter 4. This model uses the sequential features, which encode information of
two consecutive re-balancing time steps. In addition, the model uses the hedging position from
the previous re-balancing time as the input. The output hedging position is used as the input for
the next re-balancing time.

Following the discrete total risk definition in section 2.1.2, consider a hedging portfolio which
1s composed of:

e A short position on option V; 7 k.
o 6,’MT7 x shares of S;.

e An amount in a risk-free bank account B;.

As discussed in section 2.1.2, the final hedging portfolio value at T is:

Nyp—1
Riski?ey = Y {[ %1 ] &1 K} TRA/TE S (6.1.1)
0,45 J:() D(tj+1,T) D(tJ7T) Jods D(t(),T) 3Ly

where D(¢,T) = ¢~"T=1) is the discount factor and {to,t1,...,ty,,—1} is the set of rebalacing time.
Note that, for testing scenarios, following the scenario construction procedure, we can guarantee
that V;, 7 x, Vr 1k, and S; in equation (6.1.1) are all directly from market instead of model. The
detailed testing scenario construction procedure is described in Algorithm C.2 in Appendix C.

Now, consider at a rebalancing time ¢ € {to,11,...,ty,,—1}, hedging an option with a strike K,
and an expiry 7. Assume we have computed the hedging position at the previous rebalancing
time t — At: O,_ar 7 k. Let Aty denote the time interval for sequential information recording. In
the subsequent empirical study, the interval Az; equals one-day. Note that this setting is the same
for local risk model described in Chapter 4. We denote the sequential features recording the daily
history for hedging the option with expiry T and strike K as

YT,K . T.K T.K
t - ythA[da"WYt

For notational simplicity, we denote {; =¢ — (N + 1 —i)Aty with i = 1,... N + 1, we thus have:

T.K T.K T.K
Yt’ :|:yfl7 yeoes ¥y :|

[N

The vector y{ K ¢ RY has d, features at time {; in the input sequential feature where d; is the di-

mension of the sequential feature YtT K and N+ 1is the length of the sequential feature sequence.
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We set N = A’ . Thus Y K includes the sequential information between two consecutive rebal—

ancing time ¢ and t — At. The encoder transforms information from the sequential feature Y

to a fixed-sized vector hE and the decoder makes the final prediction based on both hE and the
previous hedging position 5 “arr k- The overall structure of the proposed model is illustrated in
Figure 6.1. Note that for the initial hedging date ¢ = 1y, the previous hedging position is set as 0.

Decoder sM
¢ T.K
output from 7 — At iy input to 7 + At
5t—At.T7K
GRU | = | GRU
h; hy |
~T K . ~T,K
¥y [
Encoder
softman} -~
4 4
T K T K
ytl s oy ytN+1

Figure 6.1: GRUtorar: GRU encode-decoder total hedging model. The encoder summarizes the

. . T.K T.K
time series Y, = [yh’

,...7ygv’f1] as a succinct vector ﬁE The decoder outputs the hedging
position based on the vector hg and the previous hedging position 6 “arr x Observed at the
hedging time ¢. More specifically, in the decoder, a candidate output 5 TK 18 firstly produced.
The final output 6 7 x 1s computed based on the linear combination of BS delta 535 7x and the
candidate output 5 7 k- The combination welght 1s determined by Ws. The feature weight w”

is used to compute weighted sequential feature y. y{ . The weighting acts as a feature selection
process. Each edge in the graph has an arrow on it, pointing from a node whose output is used
by the node pointed by the arrow as an input. The output 5 7k attis used as the input for next
step t + Ar.
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6.1.1 Difference Between GRUs5 And GRU7o1sL

Comparing GRUyg in Figure 4.1 and GRU o141 in Figure 6.1, it is clear that the model structures
between GRUg and GRUrgrsp are similar. The most significant difference between GRUrorar
and GRUy is that GRUyg is built on minimizing discrete local risk as in section 2.1.1 while
GRU+1qra is built based on minimizing the discrete total risk as in in section 2.1.2.

More differences between GRUrorar and GRUg are given below:

e In GRUg, we have a local features vector X,T K ¢ R4 which records local information at
the hedging time ¢ for hedging the option with expiry 7 and strike K. In Chapter 4 we
demonstrate importance of using sequential learning by comparing performance with and
without sequential features.

e Recognize importance of sequential features, in GRUgrar , here we omit the local features
vector X,T K ¢ R4 a5 the input to the model GRUo1a;. and use the sequential feature YtT K
which contains all the sequential information between two consecutive rebalancing time ¢
and r — Ar. Note that sequential feature also contains the local information the the hedging
time ¢.

e Since the analytical formula for the variance-optimal total risk hedging [164] and spline
total risk minimization formulation [50] both demonstrate the dependence of the cur-
rent hedging position on the past hedging position, we include previous hedging position
6% ArT.K 8S the input to compute the current hedging position 6,7MT7 K-

The more details of the model structure of GRUrorar 1s discussed in Appendix F.

6.1.2 Training Objective For GRUrgra1,

Assume that we are given a set of hedging scenarios identified by the expiry date 7; and strike
K;:
{Scenario(T,K}),...,Scenario(Ty,Kyr) }

A natural total risk hedging loss function is the mean squared error:

1 z -1 total 2
MSEua = 37 1 (Riskteral, )
where RiskigfﬁfK is defined as in equation (6.1.1), té =T - %, and M is the number of hedg-
ing scenarios. A more appropriate criteria however is the relative hedging error instead of the
absolute total hedging error since we are mixing scenarios of different strikes together (i.e., the
scenarios include near-money, in-the-money, and out-of-the money options. The absolute hedg-
ing errors for in-the-money options tend to be much bigger than those of near-the-money options
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and out-of-money options). Additionally, MSE is sensitive to the existence of outliers. Further-
more, Coleman et al. [50] demonstrated that the /{-norm error loss function can produce better
hedging performance. Therefore, in training the GRUgrar, We use the following objective:

M
Objmtal = Z ‘Relig,t%l,l(,) (6.1.2)
i=1

where the relative total hedging error is defined as:

D(1o, T)Risk;gjgf,(

Relld = (6.1.3)
t07T7K %0,T7K
6.1.3 Market Data Augmentation
As discussed in section 2.1.2, the final hedging portfolio value at T is:
Nyp—1 S.. AYS V.
Risk!o/h, = { { T ] M. }+ 0L Vrrk (6.1.4)
fo.T.K j;) D(tjy1,T) D(t;,T)| K[ " D@y, T) "0
where D(t,T) = e7"T=") is the discount factor and {t9,t1,...,ty, 1} is the set of rebalacing

time. The 7y in this thesis is set to be Ny days to the expiry where Ny is a constant.

For total risk hedging, assuming the starting hedging date 7y is Ny days to expiry 7, each
data instance is uniquely determined by the duplet {7,K}. We observe that in the total hedging
risk measure, as shown in equation (6.1.4), the only market option data required is V, r g, as
Vr,rk represents the payoff at expiry. In theory, it is possible to construct a data-driven total
risk hedging model without providing the option data between 7y and 7. However, in practice,
we have encountered challenges in developing an effective data-driven total risk hedging model
without the option data in the interval (zp,7T]. Furthermore, if we solely rely on the market to
extract the required time series, we will encounter the following challenges:

1. Options listed in an exchange only have fixed expiry dates and only a few strikes are listed
every day. In other words, the number of unique duplet {7,K} in actual market is small.
For example, the expiration date for the standard S&P 500 index option is fixed at the third
Friday of each month.” Therefore, if we only use market available expiration dates, the
number of training scenarios will be severely limited.

2. In addition, the option with specific strike K and expiry 7 may not be traded on every trad-
ing date during its lifetime. Requiring the market option prices of strike K and expiry 7 to

2Starting from 2016, CBOE also introduces weekly S&P 500 index options which expired on Monday, Wednes-
day and Friday of each week. The CBOE further introduces daily S&P 500 options in May 2022. Therefore, as of
now, S&P 500 options actually expire on each business day. Unfortunately, the data we gathered is up to 2015-08-31,
so our experiments in this thesis does not include those data.
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be available on entire hedging horizon [fy, T'] is unrealistic especially for in-the-money and
out-of-money options. Therefore, we will have to rely on certain parametric models cali-
brated to market prices to compute the necessary derived features (e.g., option sensitivity),
which is used as the input of the data-driven model, when there are not market prices for
the specific combination of 7 and K on some trading dates.

3. Lastly, under an ideal setting, one should use non-overlapping underlying asset paths to
generate training and testing hedging scenarios as one often observe autocorrelation in fi-
nancial time series. In reality, using non-overlapping underlying asset path to generate
training and testing scenarios is not practical. For instance, assuming we are building a
data-driven model for hedging 3 months until expiry, with non-overlapping underlying as-
set paths, 20 years of market data can provide only 80 different non-overlapping underlying
asset paths, making building a data-driven model difficult.

In order to overcome above challenges, we use the following remedy to augment training
data sets.

1. Overlapping underlying asset paths are allowed.

2. A no-arbitrage surface is calibrated on each business day to match the market prices. We
will query the calibrated surface to obtain the option prices and option sensitivities when
the corresponding market data is not available.

3. Instead of using only market available expiration dates, we assume every business day can
be the expiration date of the options. The option prices and option sensitivities for these
newly added expiry dates will come from querying the no-arbitrage surface.

Therefore, we greatly increase the number of training scenarios, since now the hedging sce-
narios can have more combinations of 7" and K even if the combinations of 7" and K are not di-
rectly observed in the market. We create a parametrization of the price surface that is arbitrage-
free. This is done by using SABR model to match the market volatility smiles and we use an
arbitrage-free interpolation based on Local Volatility Function (LVF) model to interpolate the
SABR model value between expiries. We refer an interested reader to Appendix B for details of
no arbitrage surface calibration.

As an example, in Figure 6.2, we show the calibrated price surface and implied volatility
surface for SP500 index call options on 2012-01-04. In Figure 6.2, we use T = T —t to denote
the time to maturity.

6.1.4 Training and Testing Data Construction

The training and testing dataset comprises a collection of hedging scenarios. If we fix the rebal-
ancing time gap to be Ar and the number of times we rebalance the hedging portfolio to be N,,
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(a) Implied Volatility Surface
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Figure 6.2: The price surface and implied volatility surface calibrated to SP500 index call op-
tions on 2012-01-04. The smile is more pronounced for the shorter maturities than the longer
maturities, which is consistent with observations from various studies [34, 157] using market

data. Interested readers can also refer to [157] for some mathematical explanation on why the
smile becomes more and more flattened as 7 increases.
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we can easily determine the rebalance times {r9,?,...,fy,—1} for a given expiry T. Therefore,
we can uniquely define a hedging scenario by 7" and K, where each scenario is identified by a
duplet of the expiry date and strike (7, K). Let #p be the initial date for setting up the hedging
portfolio, and tg = {fo,...,T} be the set of all business days between the initial date #, and the
expiry date T. Each hedging scenario consists of the following time series uniquely identified by
(T,K):

o {S;|Vt € tp}: the the time-series of underlying prices with 7 as the initial date and T as the
expiry date.

o {V, 7 k|Vt €tg}: the time-series of option value for a hedging scenario identified by (7, K).

° {y,T ’K\Vt € tg}: the time-series of feature vectors for a hedging scenario identified by
(T,K).

The detailed algorithms for the training, testing and validation scenario constructions are in Ap-
pendix C.

6.1.4.1 Construction of Training Scenarios

Based on the calibration process discussed above, we summarize the procedure for generating
training scenarios for hedging Ny business days as follows.

1. Each of the hedging scenarios is identified uniquely by a duplet of expiry and strike (7, K).
We need to construct the time series corresponding to the duplet as the input to our model.
For a training scenario, we do not require the option price for the duplet (7, K) to exist in
market. We will query the surface constructed by Algorithm B.4 for each rebalancing time

t: V! .(T,K) for option values and compute the associated option related sensitivities,

which are used to construct the feature vector for the model. In this way, we greatly

increase the number of training scenarios.

2. The starting date 7y to set up the initial hedging portfolio is Ng-business days away from
the expiry date 7. In this thesis, Ny is set to be 100. We assume there are 250 business days

in a year. Denote Y}f’,ﬁﬁx as the maximum expiry listed on CBOE at time ¢. Note that we

always have ]}’%‘éx —1t > 100/250 in market for all the business dates in the experiments.

Therefore, no volatility extrapolation is needed.

3. We check all the market observed strikes for all the business dates between 7y and 7. Let
K" (15, T) be the maximum of strikes observed in market between #q and T. The grid of

strikes for the outputting option values with expiry date 7 is defined as: Kg4(t0,T) =
{0=Ky <K <---<2%K"™ (1, T\)} where K; — K; 1 = AK,i > 1. In this chapter, we set

AK =5 for experiments on S&P 500 index options which is consistent with the S&P500
index option strike specification in real market [113].

A detailed description of training scenario generation is given in Algorithm C.1 in Appendix C.
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6.1.4.2 Construction of the Testing Scenarios

The key differences between the testing scenarios and the training scenarios are:

e For testing scenarios, we use real market prices to initialize the hedging portfolio at 7
and the strikes and expiries are real market strikes and expiries. Therefore, the total risk
objectived (6.1.2) computed for testing scenarios are all based on real market option prices.

e For testing scenarios, at the intermediate time steps between fy and 7, we use real op-
tion market data to construct the time-series whenever associated option market data is
available. Otherwise, we will query the calibrated option value function.

e For training scenarios, we use model prices to initialize the hedging portfolio. The strikes
and expiries do not necessarily have to be are real market strikes and expiries.

e For training scenarios, we always query the parametrization of the option value calibrated
to construct the time series. Note that since we calibrate the models to match the market
prices, when market prices are available, the model prices will be very close to the market
prices.

A summary of the construction of testing scenarios is as the following:

1. A testing expiry date 7 must be a real expiry date that exists in market. Before 2016,
For the S&P 500 index options listed in Chicago Board Options Exchange (CBOE) the
expiration dates are the third Fridays of each month. After 2016, more expiration dates are
introduced in CBOE.

2. The date 1y to set up the initial hedging portfolio is Ngy-business days away from 7.

3. On the starting date 7o, we can obtain all market option prices for the expiry T and we have

: : : kt kt kt
a grid of market strikes for expiry 7" on date #o: K, (10,7) = {Ky'7. 1, .., Ki'7 , }- Note
that we have market options prices for all K € K?rljil(to, T) at time f.

4. On each business day ¢ in between #y and T, an arbitrage free surface is constructed
{v (T, K)} 7k using Algorithm B.4 in Appendix B. When there is no market price
mGt on tlme.t for K < Kg’"r’jii(to,T), we will query {V! .., (T,K)}rx to obtain option
prlces and option sensitivities. Note that, with this approach, for instance, a part of the
time series of option prices for a testing scenario can be real market prices while the other
part can be model prices from the parametrization obtained following the calibration pro-

cess in Appendix B.

A detailed algorithm is given in Algorithm C.2 in Appendix C.
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6.1.5 Training Procedure For GRUg1ar,

For the experiments in this chapter, we are hedging for a relatively long period (100 business
days) until the expiry. Empirically, we have observed that if we do not update the data-driven
model during the hedging period, the performance from the data-driven hedging would be much
worse than the performance of the traditional parametric hedging models such as hedging with
delta produced by Black-Scholes implied volatility. This is not surprising since market can dras-
tically change during the hedging period which is relatively long and we cannot assume one set
of parameter for a data-driven model to be effective for such long period. Lastly, by comparing
the performance of local risk model DKLgpr,, which is updated on a monthly basis, with those
of NNs and GRUg ,which are updated on a daily basis in Chapter 5, we can already see the
effectiveness of more frequent update. Therefore, the training and validation data set are updated
as we move from one rebalancing date to another rebalancing date. In other words, we update
the model every At days where Ar is the time gaps between two consecutive rebalancing dates.
Also note that there is no forward looking scenarios in training the model. An interested reader
can refer to Appendix C for the detailed construction process of data sets.

We initialize the GRU parameters using the same procedure as in section 4.2.1 and we pre-
train the GRU o1 similarly as in section 4.2.3. Early stopping is used as the regularization
techniques. We reserve the validation set to determine when to stop training. We train GRU ro7ar
until the trust region algorithm (i.e., Algorithm 4.1) stops and select the best performing model
parameters on validation set based on the the total risk objective (6.1.2). The parameters for the
trust region algorithm are in Table 4.1. Early stopping is used as the regularization technique,
which is the same as in chapter 4. The overall model building procedure and data construction
procedure is given in Algorithm C.3 in Appendix C.

6.2 Total Discrete Hedging Performance Comparison Using
S&P 500 index Options

Using the S&P 500 (European) index option market data from September 1, 1996 to August 31,
20153, we compare the total hedging performance of different hedging strategies. We evaluate
the total hedging performance using the following 5 criteria:

1. The mean absolute value of the relative hedging error:

total
Mean, 1 k) (’Relzﬁ?ﬂ"x‘)
for all the testing scenarios.

2. The 95% Value-at-Risk (VaR) of the relative total hedging error Rel}”'f/x

3The option historical data from OptionMetric [147] started on September 1, 1996. Due to the limits of data
license, we only have access to OptionMetric up to August 31, 2015.
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3. The 95% Conditional-Value-at-Risk (CVaR) of the relative total hedging error Religffff,(
4. The 99% Value-at-Risk (VaR) of the relative total hedging error Rel!f,

5. The 99% Conditional-Value-at-Risk (CVaR) of the relative total hedging error Relg’f%f,(

6.2.1 Data and Experimental Setting

The option prices used to calculate the total risk are the ones at the initial time 7y and expiry
time 7, as seen in (6.1.1). From a model perspective, it is possible to create a model without
incorporating the option prices and related sensitivities at intermediate re-balancing times as in-
puts since they don’t appear in the total risk objective function. However, the volatility smile
phenomenon tells us that implied volatilities for options with different moneyness are different.
Thus, the implied dynamics of underlying price movement for options with different moneyness
also differ. Since we’re mixing options with varying moneyness in the model training, building
a model with only underlying related information will be challenging. Thus, including option
prices and option-related sensitivities as inputs to our models is still necessary. The sequential in-
puts to GRUgrar, YtT’K, at a rebalancing time 7, are the time series recorded daily from previous
rebalancing time ¢ — At to current rebalancing time ¢ for the following features:

Option price

Black—Scholes implied volatility
Black—Scholes delta
Black—Scholes vega

Bartlett delta

Time to expiry

S&P 500 index price

VIX index price

Moneyness S/K

Minimum variance delta Sy (2.3.5)
Strike K

Table 6.1: Sequential features for GRUrora. and GRULJSA at time ¢ are the time series of
features listed in this table. The time series are constructed according to the procedures as in
Algorithm C.1 and Algorithm C.2.

The number of hidden states, for the single-layer GRU encoder, the neural network outputting

gtMT x> and the neural network outputting W in Figure 6.1, are all set to be 5. Specifically, we
compare with the following methods,

o GRUtgrar: the model shown in Figure 6.1 and is trained with the total risk objective
(6.1.2).
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e Bartlett: Barlett corrective delta based on (2.3.18),

e BS: Black—Scholes delta based on the implied volatility

The hedging period is fixed to be 100 business days. We have two different hedging frequencies:
weekly and monthly hedging. For weekly hedging, we rebalance every 5 business days so the
number of rebalancing times is N,;, = 20. For monthly hedging, we rebalance every 20 business
days so the number of rebalacing times is N,, = 5.

6.2.2 Call Option Total Hedging Comparison

In this subsection, we present the results for call options. We show the hedging performance for
Near-The-Money(NTM), In-The-Money(ITM), Out-of-The-Money(OTM) separately. Note that
we are not training models for NTM, ITM and OTM separately. We still train the model using all
training set. The NTM, OTM, and I'TM scenarios are classified based on the Black-Scholes delta

at the initial date 7y where we set up the hedging portfolio: 5£ST - For call option, the criteria is:

o NTM: 0.3 < 855, <0.7
o ITM: 0.7 < 8% < 0.95

e OTM: 0.05 < 8%, <03

We omit the testing scenarios for deep in-the-money and deep out-of-the money options due to
the fact that they are highly illiquid in market and their market quotes are highly unreliable. Also,
the deep in-the-money (0.95 < 8% ;- < 1.0) and deep out-of-the money (0.0 < §% , < 0.05)
scenarios are excluded from training set and validation set. Out of all the call option testing
scenarios, 39.7% fall in the near-the-money (NTM) bucket, while 37.7% and 21.0% fall in the
in-the-money (ITM) and out-of-the-money (OTM) buckets, respectively. The excluded scenarios
make up 1.6% of the call option testing scenarios.

6.2.2.1 Call Option Weekly Hedging Comparison

In Table 6.2, we demonstrate the results on weekly hedging call options. Furthermore, in Figure
6.3, and Figure 6.4, we compare the distribution of the relative hedging error using GRUrorar
with the corresponding distributions using the BS model and the Bartlett model respectively.

From Table 6.2, we can see that, GRUgrs performs better than the other methods in terms
of mean absolute relative hedging error for NTM and OTM scenarios, while BS model performs
slightly better than GRUgrar. for ITM scenarios. The difference between GRUrorar and BS
model is small for ITM scenarios. Since our objective function as in equation (6.1.2) is the
sum of the absolute value of the relative hedging errors, we do not expect our model to perform
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Figure 6.3: Comparing total risk hedging model GRUo7a;. and BS Model on weekly hedging
S&P 500 call options (testing set) in terms of the distribution of the relative hedging portfolio
value at the expiries as in equation (6.1.3). The distribution in this figure assumes we are on the
sell-side of the option trading.
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Figure 6.4: Comparing total risk hedging model GRUrqrs; and Bartlett model on weekly hedg-
ing S&P 500 call options (testing set) in terms of the distribution of the relative hedging portfolio
value at the expiries as in equation (6.1.3). The distribution in this figure assumes we are on the
sell-side of the option trading.
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Near-The-Money | In-The-Money | Out-of-The-Money
GRUrorar | 0.1927 0.0571 0.7344
Mean Abs Relative Error | Bartlett 0.2347 0.0641 0.7383
BS 0.2198 0.0531 0.9706
GRUroraL | 0.2827 0.1121 0.5298
VaR (95%) Bartlett 0.4836 0.1656 0.9841
BS 0.4823 0.1523 0.8603
GRUrorar | 0.4721 0.1865 1.0003
CVaR (95%) Bartlett 0.7103 0.2192 1.4232
BS 0.7009 0.2724 1.2299
GRUrorar | 0.5301 0.1976 1.5077
VaR (99%) Bartlett 0.778 0.2654 1.6152
BS 0.7171 0.3653 1.3363
GRUroraL | 0.8205 0.3261 1.6090
CVaR (99%) Bartlett 1.0827 0.2883 2.1225
BS 1.0040 0.4712 1.6074

Table 6.2: Summary of weekly hedging S&P 500 call options (testing set) for 100 business days
with total hedging evaluation criteria described in section 6.2. Please note that the total hedging
evaluation in this table assumes we are at the sell-side of the option trading.

best in tail risk measurement. However, GRU o141, in most of cases, perform the best in terms
of VaR and CVaR, indicating that GRUrqrap performs better in reducing the tail loss, with the
exceptions given below:

e BS model performs best in terms of VaR(99%) and CVaR(99%) for OTM scenarios. This
is an interesting observation. From 6.3 (c), We also note that the extreme tail on the profit
side from BS model on OTM scenarios is actually longer than the other three models,
indicating a larger probability of getting profit. However, we notice that the difference in
CVaR(99%) for OTM scenarios between GRU s and BS model is small.

e Bartlett model performs the best in terms of CVaR(99%) for ITM scenarios. However
CVaR(99%) of GRUgray 1s only slightly worse than that of the Bartlett model but GRU ro1a1.
performs still the best in terms of the VaR(99%).

Another interesting observation is that Bartlett delta actually performs worse than BS delta in
most of the cases as shown in Table 6.2. We suspect that this is due to the fact that SABR model
was originally designed for modeling interest rate derivatives, the time to maturity for which is
usually larger than one-year, and it is less suitable to model option surface with extreme short
time to maturity[35]. For weekly hedging, we have used SABR model to produce Bartlett delta
with extremely small time to maturity, e.g., 5/250 for the last rebalancing time. Notice that in
chapter 5 when we compare models on local risk criteria, options with time-to-expiry less than
14 days are removed from the data set. Therefore, we did not notice this phenomenon.
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6.2.2.2 Call Option Monthly Hedging Comparison

In Table 6.3, we demonstrate the results on monthly hedging call options. Furthermore, in Figure
6.5 and Figure 6.6, we compare the distribution of the relative monthly hedging error with the
distributions from the BS model and Bartlett model respectively.

From Table 6.3, we can see that, GRUgrs performs better than the other methods in terms
of mean absolute relative hedging error for NTM and ITM scenarios. Bartlett method performs
best in terms of mean absolute relative hedging error for OTM scenarios. In terms of VaR and
CVaR, by comparing Table 6.3 and Table 6.2, GRU gy, 1s less dominant in monthly hedging
call options than in weekly hedging call options. Bartlett delta produces best VaR(99%) and
CVaR(99%) for NTM scenarios. However, from Table 6.3 we can also see, the performance of
GRU1qraL is very close to best performance even if GRUrgrap is not the dominant model in

certain criteria.

Near-The-Money

In-The-Money

Out-of-The-Money

GRUtorar | 0.2643 0.0633 1.0479
Mean Abs Relative Error | Bartlett 0.282 0.073 0.9674
BS 0.2865 0.0655 1.3248
GRUtorar | 0.4102 0.1472 1.0842
VaR (95%) Bartlett 0.4775 0.1611 1.1936
BS 0.5115 0.1554 1.3442
GRUroraL | 0.6073 0.3125 1.6658
CVaR (95%) Bartlett 0.6680 0.3372 2.0221
BS 0.9735 0.4380 2.0016
GRUromaL | 0.7752 0.4300 1.7567
VaR (99%) Bartlett 0.7201 0.4815 2.3799
BS 1.2384 0.6058 2.8419
GRUqtorar | 0.8692 0.4627 2.7536
CVaR (99%) Bartlett 0.8090 0.5725 2.8797
BS 1.2864 0.7859 3.0839

Table 6.3: Summary of monthly hedging S&P 500 call options (testing set) for 100 business days
with total risk hedging evaluation criteria described in section 6.2. The total hedging evaluation
in this table assumes we are on the sell-side of the option trading.
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Figure 6.5: Comparing total risk hedging model GRUgra; and BS model on monthly hedging
S&P 500 call options (testing set) in terms of the distribution of the relative hedging portfolio
value at the expiries as in equation (6.1.3). The distribution in this figure assumes we are on the
sell-side of the option trading.

Near-The-Money Call Option In-The-Money Call Option Out-of-Money Call Option
80 Bartlett ! 2001 Bartlett Bartlett :
Total : Total 601 Total i
60 f | |
g ; € 150 E ;
o i 5 540 |
T i T T i
20 : 501 20 i
i i
i i
0 - 0 0 -
-1.0 -0.5 0.0 0.5 1.0 -0.50 -0.25 0.00 0.25 0.50 -5.0 -25 0.0 2.5 5.0
(a) (b) (c)

Figure 6.6: Comparing total risk model GRUgra;. and bartlett model on monthly hedging S&P
500 call options (testing set) in terms of the distribution of the relative hedging portfolio value at
the expiries as in equation (6.1.3). The distribution in this figure assumes we are at the sell-side
of the option trading.
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6.2.3 Put Option Total Risk Hedging Comparison

In this subsection, we present the results for put options. We again show the hedging performance
for Near-The-Money(NTM), In-The-Money(ITM), Out-of-The-Money(OTM) separately. The
NTM, OTM, and ITM scanerios are classified based on the Black-Scholes delta at the initial date

to where we set up the hedging portfolio: StlgST - For put option, the criteria is:

o NTM: —0.3 > §5% > —0.7
o ITM: —0.7 > §5% ; > —0.95

e OTM: —0.05> 5%, > —03

We omit the testing scenarios for deep in-the-money (—0.95 > 5,?%7 x > —1.0) and deep out-of-

the money ( 0.0 > 5£7ST7 x > —0.05) options due to the fact that they are highly illiquid in market
and their market quotes are highly unreliable. Also, the deep in-the-money and deep out-of-the
money scenarios are excluded from training set and validation set. Out of all the put option
testing scenarios, 43.8% fall in the near-the-money (NTM) bucket, while 23.6% and 28.5% fall
in the in-the-money (ITM) and out-of-the-money (OTM) buckets, respectively. The excluded
scenarios make up 4.1% of the put option testing scenarios.

6.2.3.1 Put Option Weekly Hedging Comparison

In Table 6.4, we demonstrate the results on weekly hedging put options. Furthermore, in Figure
6.8 and Figure 6.7, we compare the distribution of the relative hedging error of GRUrora; With
the distributions of the relative hedging error of the BS model and the Bartlett model respectively.

From Table 6.4, we can see that, GRUrgra;. performs better for weekly hedging put options
in most of the criteria for NTM, ITM, and OTM options. There is one exception: Bartlett delta
performs slightly better than GRUrqrap for OTM scenarios in terms of mean absolute relative
hedging error.

Another interesting observation is that, for put options, the loss tail of the relative hedging
distribution is significantly longer than call option. We suspect this is due to the fact that selling
put options during market crisis period can lead to significant loss as the original OTM options
can become ITM in a short period of time, especially when we are getting closer to the expiry.
For weekly hedging put options, it is worth to note that the tail loss, which is measured by VaR
and CVaR, from GRUgr, is significantly smaller than those from the BS model and the Bartlett
model.
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Figure 6.7: Comparing total risk hedging model GRUgra;. and BS model on weekly hedging
put options (testing set) in terms of the distribution of the relative hedging portfolio value at the
expiries as in equation (6.1.3). The distribution in this figure assumes we are on the sell-side of
the option trading.
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Figure 6.8: Comparing total risk hedging model GRUrorar and Bartlett model on weekly hedg-
ing put options (testing set) in terms of the distribution of the relative hedging portfolio value at
the expiries as in equation (6.1.3). The distribution in this figure assumes we are on the sell-side
of the option trading.
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Near-The-Money | In-The-Money | Out-of-The-Money
GRUtorar | 0.2535 0.0965 1.5356
Mean Abs Relative Error | Bartlett 0.2993 0.167 1.4815
BS 0.2773 0.1227 1.7109
GRUqtorar | 0.8124 0.2364 7.2478
VaR (95%) Bartlett 0.9374 0.5133 8.5614
BS 0.8854 0.4274 8.7374
GRUqroraL | 1.0475 0.3452 10.9438
CVaR (95%) Bartlett 1.4781 0.8078 12.2226
BS 1.4812 0.7236 13.3299
GRUrorar | 1.1138 0.3763 11.7573
VaR (99%) Bartlett 1.6118 0.99 12.2933
BS 1.7625 0.7979 19.0822
GRUqrorar | 1.3597 0.4616 15.1555
CVaR(99%) Bartlett 2.3355 1.2264 17.4385
BS 2.2831 1.1347 20.6413

Table 6.4: Summary of weekly hedging S&P 500 put options (testing set) for 100 Business days
with total risk hedging evaluation criteria described in section 6.2. Please note that the total
hedging evaluation in this table assumes we are on the sell-side of the option trading.

6.2.3.2 Put Option Monthly Hedging Comparison

In Table 6.5, we demonstrate the results on monthly hedging put options. Furthermore, in Figure
6.9 and Figure 6.10, we compare the distribution of the relative hedging error using GRU ro7ar
with the distributions using the BS model and the Bartlett model respectively.

From Table 6.5, we can see that, GRU g1, is still the dominant method for monthly hedging
put options in terms of most of the criteria for NTM, ITM, and OTM scenarios. However, by
comparing Table 6.4 and Table 6.5, we can see GRUrqrar 1S less dominant in monthly hedging
than in weekly hedging. In certain case, Bartlett methods can perform much better. For instance,
for NTM scenarios, the CVaR (95%) and CVaR (99%) from Bartlett method is significantly better
than the other two comparing methods. Another interesting observation is that the GRU ro7a;.
produces longer tail for NTM and OTM scenarios on the profit side while for ITM scenarios,
GRUorar. has a much shorter tail on the loss side.

6.2.4 Comparison to Local Risk Hedging Model

We aim to evaluate the relative performance of local risk hedging models in minimizing total
hedging risk. However, comparing the performance of GRUg and GRUrgras; directly may not
be reasonable since GRUy is built from market data while GRUrgra; is built from augmented
market data. Therefore, we introduce a new model, GRULISL", to compare the effects of dif-

ferent objective functions. The model structure of GRULOSA! is identical to that of GRU rorar
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Figure 6.9: Comparing total risk hedging model GRUgra;. and BS model on monthly hedging
put options (testing set) in terms of the distribution of the relative hedging portfolio value at the
expiries as in equation (6.1.3). The distribution in this figure assumes we are on the sell-side of
the option trading.
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Figure 6.10: Comparing total risk hedging model GRUrora;. and Bartlett model on monthly
hedging put options (testing set) in terms of the distribution of the relative hedging portfolio
value at the expiries as in equation (6.1.3). The distribution in this figure assumes we are on the
sell-side of the option trading.
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Near-The-Money | In-The-Money | Out-of-The-Money
GRUrorar | 0.2986 0.1240 1.7639
: Bartlett 0.3205 0.1583 1.7383
Mean Abs Relative Brror | pg 0.3224 0.1342 1.8482
GRUroraL | 0.7395 0.2562 8.5602
Bartlett 0.8370 0.3583 9.0303
VaR (95%) BS 0.7768 0.3088 9.7018
GRUroraL | 1.7761 0.3577 13.3160
Bartlett 1.5710 0.6016 14.4425
CVaR O5%) BS 1.8682 0.5401 16.1024
GRUroraL | 2.1792 0.4121 15.2323
Bartlett 2.1925 0.7728 15.0144
VaR (99%) BS 2.5569 0.7583 15.8393
GRUroraL | 3.4001 0.4509 20.6503
Bartlett 2.9164 0.8463 24.1757
CVaR (99%) BS 3.5486 0.8109 26.4941

Table 6.5: Summary of monthly hedging S&P 500 put options for 100 business days with total
hedging evaluation criteria described in section 6.2. The total hedging evaluation in this table
assumes we are on the sell-side of the option trading.

shown in Figure 6.1, but it is built on minimizing a local risk objective instead of the total objec-
tive used for GRUrqrar. This approach allows us to isolate the impact of the objective function
choice on the model’s performance.

More specifically, for an expiry T and a strike K, at a rebalancing time 7; ,we have

AV, k1 = D(t0,tj1+1)Vi;y k.7 — D(t0,1;)Vi; k.7
AS;j = D(to,tj+1)Stj+] —D(to,l‘j)Stj
D(t,T)=e T
1 =to+ jAt; j=0,...,Nyp—1; to =T — NpAt .

The objective for the GRULISA" is therefore:

M
ObjLocal = Z Z |AV:;]~(zt’[(z _ASt(S,’A/;i7Ki| (6.2.1)
i=1reth,
where t;QB = {té, . ’lli\/rb—l} is the set of rebalancing dates for the i-th hedging scenarios with

expiry T' and initial date #}. The model structure for GRUrora;. and GRULSCA" is the same

which is further discussed in Appendix F. The same set of hedging scenarios are used as the
training, testing and validation data sets. The training procedure is also the same as indicated in
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Algorithm C.3. The only difference is the objective function used in training.

The detailed comparison between GRUrora;. and GRULICA! is given in Appendix G. Here
we summarize the major results:

e For weekly hedging call options, GRUora. performs better than GRULGTA" in terms of

most of total risk measures. However, in terms of tail loss reduction, the improvement
from GRU1oraL over GRULISY" is less significant.

e For monthly hedging call options, GRUrgrs. improve over GRULOSAY in terms of the

mean absolute relative error slightly. The GRUrora. and GRULISAE perform roughly the

same in terms of tail loss measured by VaR and CVaR.

e For weekly hedging put options, GRU g, still performs better than GRULIA in terms

of reducing the mean absolute relative error for ITM and OTM scenarios and the perfor-
mance for NTM scenarios is similar. On the other hand, in terms of tail loss measured by
VaR and CVaR, the reduction from GRU o over GRULISA" is significant.

e For monthly hedging put options with NTM and ITM scenarios, we achieve better mean

absolute relative error from GRUgrar.. For OTM scenarios, GRU%S%QLL performs better in

terms of mean absolute relative error. The tail loss measured by VaR and CVaR for NTM
scenarios is roughly the same for GRUrors;. and GRULOSA". The tail loss from GRUpopar
for OTM scenarios is slightly better than GRULg<A". The tail loss from GRU rora.. for ITM

scenarios is significantly better than GRULOCAE.

As we have already discussed in section 2.1.2, with the assumption of zero interest rate, the
discrete total hedging risk which is defined as:

Nyp—1 Nyp—1
Riskiofle = 3 {8,870~ AV b = ) Riskiot (6.2.2)

J=0 j=0
In other words, discrete total hedging risk is the summation of the discrete local hedging risk
evaluated at discrete rebalancing time {#o,?,...,fy,—1}. As a consequence, building a model
reducing the discrete local hedging risk will reduce the discrete total hedging risk as well. There-

fore, it is not surprising to see that GRULISA is still competitive in terms of total risk measure-

ments.
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Chapter 7

Conclusion and Future Work

In this thesis, we have proposed a direct kernel hedging model DKLgpr. and a novel encoder-
decoder model, GRUyg, for discrete local risk option hedging. The DKLgpy is our first ex-
ploration on computing a data-driven local hedging model directly from market prices without
estimating a option pricing model. GRUy is proposed to further improve direct data-driven local
risk hedging using machine learning techniques. GRU g consists of an encoder, which generates
a concise representation of the past market information. The decoder uses the Black-Scholes
delta as a pre-trained model and utilizes a gate to generate a predicative hedging model, combin-
ing the pre-trained delta model and the outputs from the encoder. Feature selections are imple-
mented through normalized weights embedded in the model training. In addition, a data instance
adaptive Huber loss function is incorporated for robustness, with the error from the pre-trained
Black-Scholes delta model for that instance as the thresholding parameter.

Using the S&P 500 index and the index option price data, from January 1, 2004, to August
31st, 2015, we assess and compare hedging performance of the GRUg and DKLgpy, with other
hedging strategies in terms of local risk criteria. For weekly and monthly hedging, computa-
tional results demonstrate that performance of the proposed GRUg significantly surpasses that
of the MV model, SABR-Bartlett, regularized spline kernel model DKLgpy , all of which per-
form significantly better than the Black—Scholes model with implied volatility in terms of local
risk hedging criteria (6.2.1). In addition, the DKLgpy also outperforms MV model in terms of
weekly and monthly hedging results. We further demonstrate that the encoder for the sequential
features plays a significant role in GRU, since removing the encoder deteriorates hedging per-
formance. Lastly, by comparing the weekly and monthly hedging performance from the GRU,,
for which we remove the output gate and training with MSE, and GRU g, we demonstrate that
the output gate, robust loss function and also play significant roles in GRUj.

We further demonstrate that the daily hedging performance of the proposed GRU s also sur-
passes that of the MV hedging method, LVF and SABR corrective methods (implemented in
[112]), data-driven regularized spline kernel network model DKLgp;, and SABR-Bartlett. In
addition, DKLgpy. also outperforms MV hedging method , LVF and SABR corrective methods
(implemented in [ 12]).
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In addition, from the testing hedging performance, we assess feature importance in GRU g for
the S&P 500 index option hedging. The monthly average feature weights identify the underlying
as the most important local feature and the past implied volatility sequence as the most important
sequential feature during normal market periods.

To assess whether minimizing the total risk directly can lead to better performing total risk
minimization strategy, in the context of data-driven hedging, we extend GRU g to GRUrgrar for
multi-step total risk hedging. To deal with the challenges of acquiring enough market option
information for building data-driven hedging models, we augment the market data using SABR
model and local volatility model. Using the S&P 500 index option market data from January 1st,
2000 to August 31st, 2015, we compare the weekly and monthly hedging performance of the
proposed total risk hedging model GRUqra; With the sequential data-driven local risk hedging
model GRULSSAY, which adopts the same model structure but is trained with a local risk training
objective, the Black-Scholes delta with implied volatilities, and the SABR-Bartlett delta. We
measure the total risk hedging performance, which is evaluated on the expiries of the options.
We demonstrate the effectiveness of the total risk hedging model GRUrqrap in reducing the
sell-side loss tail risk for both put and call options. We also confirm that the total hedging
model GRUqrar oOften leads to better hedging performance in terms of total hedging criteria
when compared with GRULISA", SABR-Bartlett method, and Black-Scholes model. However,

alternative local risk model GRULJSA" remain competitive in controlling the total hedging risk.

The main objective of this research is to assess hedging performance of strategies learned
directly from the historical time series of the market option price and underlying price, us-
ing machine learning methods. Hedging performance comparisons between data-driven models
DKLgpr, GRUg, GRUorar,and GRUROSAE and the classical option hedging based on paramet-
ric model calibration suggest that the data driven learning hedging can be a viable alternative to
the classical methods, potentially leading to better hedging performance.

In terms of limitation of this research, we compare the data-driven models mostly with para-
metric models available in academic literature. We understand that the actual industry practice
may not apply the parametric models in the same way as we did in this thesis for hedging deriva-
tives. While it would also be interesting to compare hedging methods actually adopted in the
financial industry, limitation in accessing industry practice makes it difficult to conduct such a
study.

Additionally, comparing with the calibration of the traditional parametric pricing models on
vanilla index options, the learning process for the data-driven hedging model is less computation-
ally efficient. However, one should notice that once the model learning of the data-driven model
is done, the outputing process of the hedging position is computaionally efficient. In practice,
one can train the model after the business trading hours and use the trained model to produce the
hedging position efficiently during the business trading hours.

Lastly, the learning process requires certain amount of historical data. For calibrating a para-
metric model, one usually needs much less data and can build the model based on market data
observed on spot and compute the sensitivity as hedging position accordingly. Therefore, our
proposed data-driven models are not directly applicable to the illiquid derivative markets.
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For extending our work, we note that there are several directions:

e In this thesis, we rely on market data to generate the hedging scenarios. The volatility
surface is calibrated from market data and underlying price paths are extracted from mar-
ket with overlapping period. Our models based on a neural network approach have less
parameters compared with other applications of the deep learning techniques, given the
relative scarcity of available historical data. For future work, one can explore how we can
use machine learning techniques to generate hedging scenarios so that we can combine ar-
tificial scenarios with real scenarios. This will enable us to build more complex model for
hedging. Indeed, for this direction, there are already several attempts. For example, Berg-
eron et al. [18] apply the variational autoencoders [121] on generating synthetic volatility
surface that are indistinguishable from those observed historically. Pardo and Lépez [149]
apply the Generative Adversarial Networks (GANs) [91] on learning the underlying struc-
ture inherent to the dynamics of financial series and acquiring the capacity to generate
scenarios that share many similarities to those seen in the historic time series.

e In this thesis, we use S&P 500 index options for experimental comparison. It will be
interesting to explore effectiveness of the data-driven models on more complex derivatives
such as basket options where the dimensionality of the underlying is higher.

e In this thesis, we have not included transaction cost into our models. A more realistic
model should include the effect of the transaction cost as in [28].

o In this thesis, for total hedging model, we assume we rebalance every 5 business days or 20
business days. In reality, we do not have to fix the interval length between two rebalancing
times. It may be interesting to extend the model so that the data-driven model determines
when is the best time to rebalance the hedging portfolio.

e Trader in real worlds may use the financial derivatives from one asset class to hedge the
financial derivatives from other asset classes. For example, credit default swaption on
credit index is very illiquid in market. Therefore, in practice, trader may use equity index
option to hedge the risk of the credit default swap since there exists strong correlation
between equity index and credit index. Traditional parametric model cannot easily capture
this kind of implicit exposure from equity option towards credit index. However, with the
help of the data-driven model, such implicit sensitivity can be learned directly from market
data. This is another potential area of extension for this data-driven approach.
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Appendix A

Cross Validation of Kernel Regularized
Network

For our data-driven approach based on kernel regularized network methond, we need to select an
appropriate penalty Ap to control the model complexity. Cross-validation (CV) is a commonly
used method for the performance estimation and model selection for the learning algorithms.
For example, the Leave-One-Out Cross-Validation (LOOCV) computes the output for each data
instance using parameters trained on the remaining data instances. For the regularized kernel
methods, we can compute the CV error efficiently without retraining the model in each CV
round [ 148, ].

Recall that, for the regularized pricing model, the minimization problem is

M M
min Z( VI — Z ,T f',fo’Kf> +7Lp22ala, Ki xlkiy (A.1)

o \i=1 i=1j=

Here th’”%’ k; 1s the market option value for time #;, expiry 7; and strike K;. The vector x,? K is the
vector of corresponding input features and Ap is the penalty parameter for the regulation. Let K
be the kernel matrix with K;; = % (x;,X;). Note K here denotes the kernel matrix which should
not be confused with the strike K. Problem (A.1) can be rewritten in matrix form:

min (K& — V)" (K& — V) + A8’ Ka (A.2)
acRM
with
V= {Vz'1nT1 K- Vzﬂ,TMKM} , a={oy,...,0n}
The solution to (A.2) is:

= (K+2ApI)™!
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Given the eigen-decomposition K = QAQ, we can easily see that:
(K+2ApD) ' = QA+ ApI)~1QT (A.3)

Because (A + Apl) is a diagonal matrix, given the eigen-decomposition K = QAQ”, we can get
different solutions to (A.2) as Ap varies in O(M?).

Let V(xtTj’ K ;@*) be the output for data instance j when regularized kernel methods (A.1)
is trained on all training data instances. Let Vl( Tk ;@) be the output for data instance j

when regularized kernel methods (A.1) is trained on all training data instances except thl K Let
V= {V! VL, .- V! 1 be the vector where Vl V[’”’;t k; for j 7l and Vi=V!(x, K. @1). Since

Vi(.;al!) is the model trained on all example except for XT”K , it is easy to see that V/(-;@!)
minimizes
min (K& — V)T (K& — V') + Apa! Ka (A.4)
acRM
The solution to (A.4) is:

= (K+Apl)~ V!
Let B = K(K + ApI)~!, therefore, we have

BV = {v(x/""ha@r),... v(xa))

where V (x' %, @*) is the option value funtion with the solution &* given by &* = (K + Apl) ™!
Let B;; be the element of B of ith row and jth column. We can easily show that:

Vi el -vix ZBz, (Vi) =By (V! (x5 @) — V) = By (V! (xR @) — vkt o)

Thus,
T,K; . o5 mkt
V(th § )_Bll‘/tlTlK[

Vi Mal) = A5
Therefore, we can get the V' (X,T/’KZ ;') without actually retraining the model.
The leave-one-out estimations are:
Vieo=(I—B1)”' (BV —B1V) (A.6)
and the leave-one-out errors for all data instance are:
V—Vipo=V—(I~B) "(BV-B V)= (I-B) ' (V-BV) (A7)
where By is a diagonal matrix with diagonal element of the matrix B, i.e., B;;, i=1,...,M, on

its diagonal.
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We can further simplify the expression by noting the fact that:

B=K(K+Apl)~!
—QA(A+2pD) 7' QT
= Q(A+Apl — 2pI)(A+2pI) ' Q"
=1—2ApQ(A+2p1) QT =T — Ap(K+ ApI)~!

Therefore, we get:

(I —By1) = diag(I — B) = Ap diag((K+ ApI)™")

B N (A.8)
V=BV =Ap(K+Apl)" 'V = Apa*
From equation (A.7) and (A.8) , we can get:
V = Vipo = diag(K+ Apl) 1) ta* (A.9)

Given the eigen-decomposition K = QAQT, we can compute &* as Ap varies in O(M?).
Similarly, given the eigen-decomposition K = QAQT, we can compute the diagonal of (K +
ApI)~! in O(M?). Then using (A.9), the LOOCV errors can be computed in O(M?). It can
been further shown [148] that, given the eigen-decomposition K = QAQ”, the computational
complexity for the n-fold cross-validation (nFCV) is O(M? /n). Interested readers can referred
to [148] for more details.

Let AV = {AV;”]‘T’1 Ko ,AVk } and let D be a diagonal matrix with D;; = AS;,. i =

v Ty K
1,---,M. on its diagonal. Similarly, we can rewrite the minimization problem in matrix form:
min (DK@ —AV)" (DK@ — AV) + Ap@" K@ (A.10)
acRm

LetK = DK, the solution to (A.10) can be obtained by:
a" = (KTK + ApK) " 'KTAV

In this thesis, we change the penalty term for (A.10) from Ap@’ K@ to Ap@’ @, the mini-
mization problem becomes:

min (DK@ — AV)T (DK@ — AV) + Ap@’ @ (A.11)

a cRm

The solution to (A.11) can be obtained by:
0" = (KTK+ Apl) " 'KTAV

Utilizing the ideas from [ 148, ], we can similarly show that, given the singular value decom-
position K = UZVT, for the problem (A.11), the computational complexity for the LOOCV is
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still O(M?) and the computational complexity for the nFCV is still O(M? /n). In practice, chang-
ing the penalty term from Ap@’ K@ to Ap@” @ will not affect the actual performance too much.
Therefore, in order to improve the computation efficiency for the direct data-driven approach, we

are solving the problem (A.11).
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Appendix B

No-Arbitrage Price Surface

In this section, we describe how to calibrate an arbitrage-free price surface on each business day
from the market option prices. We want to create a parametrization of the price surface that
is arbitrage-free. We use SABR model to match the market volatility smiles and we use an
arbitrage-free interpolation based on Local Volatility Function (LVF) model to interpolate the
SABR model value between expiries.

In this thesis, we choose the SABR model over LVF models in matching market smiles and
computing the value of options with the strikes unobserved in the market. This is because LVF
models that were initially proposed by Dupire et al. [68], Derman and Kani [60] and Rubinstein
[158] and put into highly efficient pricing engines by Andersen and Brotherton-Ratcliffe [5]
and Dempster and Richards [59] amongst others, heavily rely on an arbitrage-free BS implied
volatility surface as the input. If there are arbitrage violations, the convergence of the algorithm
solving the underlying generalized Black Scholes partial differential equation will be obstructed
[75]. Unfortunately, an arbitrage-free BS implied volatility surface as the input is not guranteed
in practice. For instance, we in this thesis observe market bid and ask quotes of European options.
The mid prices are used in calibrating pricing functions. The input of BS implied volatilities from
mid prices are not guaranteed to be arbitrage-free. Therefore, we need to remove the arbitrage
of the BS implied volatilities in the input data either manually or use arbitrage-free smoonthing
algorithm as in [75] before using it as the input in LVF pricing. Another problem as indicated by
Hagan et al. [99] is that the dynamics of the market smile predicted by LVF can be opposite to
the market behavior. The contradiction between model and market lead to unstable sensitivities
(delta, vega) computation. Hedging using the delta from LVF may perform worse than hedging
using BS implied delta [99]. !

Surface calibration models based on LVF that do not reply on the assumption that the input
BS implied volatility surface is arbitrage-free exists. For example, volatility interpolation algo-
rithm from Andreasen and Huge [6] can create an arbitrage-free surface without assuming the
input is arbitrage-free. However, the resulting model cannot interpolate and extrapolate in strikes

'Note that we also use SABR-Bartlett delta as the comparing hedging method, we will need to calibrate the
SABR model for each expiry anyway.

113



as we will discuss in more details in later section. Therefore, in this thesis, we only use the
volatility interpolation algorithm [6] to interpolate the model value from SABR between market
available expiries.

B.1 Arbitrage-Free Surface From SABR Model

In this section, we discuss how to use SABR model to create an arbitrage-free surface calibrated
to match market available prices. Although SABR model is computationally efficient and can
match the market volatility smile well, it is not arbitrage-free. The formula (2.2.11) is an ap-
proximation, obtained from an asymptotic series expansion. Its accuracy degrades if the option
strikes move away from the option at-the-money (ATM) strike. Therefore, we also discuss how
to fix the arbitrage issue of SABR.

Following [85], we check whether an implied volatility surface is free of calendar arbitrage,
and butterfly arbitrage, which we describe below. Assume that we have a collection of European
call option prices {C(T,K) }r x for a range of strikes, K, and expiries, 7, with the Black-Scholes
implied volatility surface {6 (T,K)}1 k. We also suppose that interest rates are deterministic
with D(1,T) = ¢ "(T=1) for the discount factor, where  is trading date and 7 is the maturity date.

1. Butterfly Arbitrage: At time ¢, given a collection of call option prices {C(T,K)}r k., using
Dupire’s method [68], one can write the option value with an implied probability density
p(+;T,S;) such that

C(1,K) = D(t,T) /(0 =K p(ST.S)ds (B.1)

We say that the surface {o™(T,K)}r g, where 0™P(T,K) is the Black-Scholes im-
plied volatility, is free of Butterfly Arbitrage if there exists an implied probability density

p(+;T,S;) satisfying equation (B.1). Thatis to p(-;T,S;) is a valid density, i.e., p(S;T,S;) >
0 for all S > 0 and [, p(S;7,S;)dS = 1. Additionally, the condition p(S;7,S;) > 0 for all

2
S > 0 is equivalent to require d gS(TZ,K) > 0 for all K > 0 since Breeden and Litzenberger
[24] show that:
9°C(T,K)
= =D, T)p(aT, S,
a K2 K ( ) )p (X t )

2. Calendar Arbitrage: Given a surface cimp (T,K), we consider, at the time ¢, the correspond-
ing total variance (TV) surface defined by

w(t,k) = 6™ (T,K)*t

where T = T —t and k is parameterized by log-moneyness, i.e. k :=log(K/F(t;T)), and
F(t;T) = S,el"=9(T=1) i5 the at-the-money forward (ATMF) price for S;. Lett =Ty < T} <
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-+ < Ty be a set of expiries. We say that the surface {6 (T,K)}r k is free of Calendar
Arbitrage

o if 2105

o if w(T;,k) <w(Ti;1,k) forall k € R, T; < T;1 for discrete time data

>0 forall k € R,T > 0 for continuous time data

Furthermore, given a grid of strikes: 0 = Ko < Kj < --- < Ky, and a grid of expiries t = Tp <
T} < --- < Ty. The corresponding discrete criteria [33] for a grid of option prices to be free of
arbitrage are set as the following with j =1,... N —1:

1. No butterfly spread arbitrage condition:

Ki—Ki_

C(T;,K,_1)—C(T;,K;) >
(]7 i 1) (jv z) Ki—i—l_Ki

(C(T},Ki) = C(T},Kiv1)) (B.2)

2. No calendar spread arbitrage:

C(T;,K;) > C(Tj-1,K;) (B.3)

In this thesis, we will use SABR model to obtain the option price for an strike K unobserved
in the market for each expiry 7 listed in the exchange.

We denote the grid of market observed expiries on a business date ¢ to be
TN = Ty < Ty < --- < Ty}

We set the first expiry be #: Ty = ¢. Note that for the first expiry 7y = ¢, the market option value
at ¢ is just the option payoff at ¢ which is max{S, — K,0} (call) or max{K — S;,0} (put). For an
expiry 7;, let us further define:

k k ki
K" I(Z7T) :{Kt’tlT,tl"'"? tr,nT,tNK}
to be the grid of strikes K observed in market on date ¢ for which we have market option value

for the expiry T

To calibrate an option value function with the market prices under SABR model, given 7; and
fix B =1, we solve

2
: . kt
OIcn\}n Z (VSABR(Stutvanvruq’aaﬁuvap)_Vtr,r';},K>
VP kekmi(r,)

where Vsapr(S,t,T,K,r,q; ¢, B,v,p) is option pricing function described in section 2.2.3 with
the approximation formula (2.2.11). Hagan et al. [99] suggest that 3 can be chosen from prior
beliefs about which assumption on the distribution of Sy is appropriate (e.g., B = 0 implies a
normal distribution of S7 conditioned on a realization of the volatility while f = 1 implies a
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lognormal distribution of S7 conditioned on a realization of the volatility). In this thesis, we
fix B =1 in the calibration process since we are dealing with equity options. If we are dealing
with interest rate derivatives, setting B = 0 or B = 0.5 may be more appropriate. In practice,
the choice of B has little effect on the resulting shape of the volatility curve produced by the
SABR model. Hagan et al. [99] suggest that the choice of f is not crucial in matching the market
volatility smile. Furthermore, Bartlett [ 16] suggests that the choice of 3 is also not crucial when
we use the Bartlett delta as in equation (2.3.18) as the delta position from SABR model.

We calibrate a different pricing function model for each expiry. A different set of parame-
ters is specified for each expiry, describing an instantaneous process. We choose this approach
because the single implied volatility surface calibrated for all expiries and strikes is unlikely
to fit the actual surface very well. In addition, calibrating a single surface is harder and more
time-consuming.

Note that for each expiry 7" we have three parameters to be calibrated so we need to observe
at least 3 data points from market to successfully build a SABR model. Therefore, the number
of strikes N is expected be larger than or equal to 3. 2

Due to the fact that equation (2.2.11) being an appproximation, the implied probability den-
sity function:
1 9°Csapr(T,K)
D(t,T) K2 Ky

where Csapr(T,K) is the SABR pricing function of a call option at strike K and expiry T' com-
puted using the equation (2.2.11), may become negative at very low or very high strikes. There-
fore, we may observe butterfly spread arbitrage in SABR prices returned by the calibrated mod-
els. In addition, for each expiry, a separate set of SABR parameters is calibrated so that calender
spread arbitrage can also exist. However, the existence of calendar arbitrage will be rare since
the market option prices rarely contains calendar arbitrage and therefore the SABR model, which
usually matches the market option data very well, rarely produces calendar arbitrage.

=p(x;T,S) (B.4)

Given a grid of strikes K for which we aim to use SABR model to produce the option prices,
if we find that the grid of prices returned by the SABR model has failed the discrete arbitrage
conditions for butterfly arbitrage (B.2), we will introduce some adjustments. To fix the butterfly
spread arbitrage, we implements a risk-neutral adjustment. This adjustment substitutes the two
implied distribution tails by those of certain log-normal distributions. The following adjustment
is inspired by [27]. Interested reader can refer to [27] for more details. Here we just briefly
discuss the process of the adjustment.

Firstly, we introduce lower and upper strike limits, K; and Ky within which the implicit
probability density function (p.d.f) p(x;T,S;) from SABR model is valid. The lower and upper
strike limit can be the maximum and minimum strike K for which the discrete no butterfly spread
arbitrage condition (B.2) holds. Brunner and Hafner [27] set the tail distributions as the mixture

The V[mTk’K is the mid-price of market observed best bid and best ask prices.
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of two lognormal distributions:

A aCeid, ol + (1= A g(uid,0f),  if0<x <Ky
gx)=4¢ pxT,S), if Kj <x<Ky (B.5)
AUq(-X;.ulljaG[})—i_(l_)'U) Q(X;uulzhalzj)a if'x>I{U

where g(x; i, 0) is the p.d.f of a log-normal distribution:

1 (In(x)—p)?

e 202

q(x;p,0) =
XO\V2T

and p(x;T,S;) is the implied probability density from the calibrated SABR model. Here, the
parameters to be determined are:

{AL,1t, 00, 17, OF  Au. iy, Oy i, OF -
In this thesis, we assume the adjusted p.d.f is of the following simplified form:

7LL q(x;uL,O'L), 1f0<x <Ky,
800 =1 pxT.S), if K, <x <Ky (B.6)
Av q(x;uy,0oy), ifx>Ky

We assume that the underlying price at expiry at 7': St is distributed according the adjusted p.d.f
&(x). We choose the equation (B.6) becasue it has a simpler solution than the equation (B.5), for
which we need to solve an overdetermined non-linear system.

We require the following condition to be satisfied:

1. Integrability constraint

KL KU oo
qu(x;uL,GL)dx+/[( p(xT, S,)dx+/K Av q(x; Uy, oy)dx =1 (B.7)
L U

2. Martingale constraint

Kr Ky oo
/0 )C?LLq()c;uL,crL)d)H—/]< xp(x; T,St)dx%—/K xAy q(x; uy,op)dx=F(t,T) (B.8)
L U

The Integrability constraint ensures that ¢(x) is a valid p.d.f. The martingale constraint
ensures that E[S7] = F(¢,T) = S;e"~9T =) under ther adjusted p.d.f.

Since they are six unknown parameters {u, Uy, 0r,0u, AL, Ay}, additional calibration condi-
tions are imposed. Observing that the Black-Scholes [20] model implies that, under the risk
neutral measurement, the prices of the underlying asset St at the maturity 7 are log-normal

distributed: )

In(Sr) ~ A (In(S:) + (r =g = ) (T 1), 6*(T 1))
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we set up =In(S;)+ (r—q— %LZ)(T —t)and py =In(S;)+(r—qg— c;lef)(T — 1) such that we have
only four parameters to be solved: {or,0y,Ar,Ay}. Furthermore, with u; = In(S;) + (r— g —
%Lz)(T —t)and uy = In(S;) + (r—q— ?)(T —1), one can easily verify that if we have {o; =
op(K.),0u = 0p(Ky), A, = 1,Ay = 1}, integrability constraint (B.7) and martingale constraint
(B.8) will be satisfied. Here, we write op(K) to denote the implied Black’s volatility given by
the SABR formula (2.2.11) for a strike K since the other inputs in og(F,t,T,K; o, 3,v,p) as in

formula (2.2.11) remain unchanged in the following discussion for an expiry 7 at a time ?.

We use the adjusted p.d.f (B.6) for option pricing

Co)(T,K) = D(t,T) /_ O:o(x—K)+§(x)dx (B.9)
By setting:

oL = op(KL) , ou = 0p(Ky)

=1, =1

e = tn(s,)+ (r—q— 25 ) (B.10)

= n(s,) + (r—g - 2EDy )

we can easily verify that (B.9) can be written as:

B Cgs(T,K;O'B(KL)) if0< K <Kj,
CSABR(TaK) — Cg(x)(T, K) = Csapr(T,K) if K <K<Ky
Cps(T,K;0p(Ky)) if K> Ky

Here we use the E'SABR(T, K) to indicate it is the SABR model value after the fix for the butterfly
arbitrage. Since the adjusted p.d.f (B.6) with the setting (B.10) satisfies integrability constraint
(B.7) and martingale constraint (B.8) and will not be negative at tails of the distribution because
that the two tails are from two log-normal distributions, Therefore, the adjusted Cgs sr(T,K) will
be free of butterfly arbitrage. In appendix D, we show in details that the adjusted p.d.f (B.6) with
the parameters setting as in equations (B.10) will satisfy the integrability constraint (B.7) and
martingale constraint (B.8).

For calendar arbitrage, we will shift the price by the following procedure to remove it. Sup-
pose we have a grid of Kg,;y = {Ko,Ki,...,Kn} and a grid of expiries t =Ty < T} < --- < Ty.
Then for each expiry Tj,i=1,...,M, we have:

ShiftTj = —min {minKngﬂd CSABR(TjaK) _aSABR(Tj—laK)] ,O} .

P

Csasr(Tj,K) < Csapr (T}, K) + shiftr,

Note the shift will be zero if no calendar arbitrage is observed between 7 and T;_. Note that the
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constant shift will preserve the no butterfly arbitrage condition from Csapg(T,K), one can easily
see this by noting that no butterfly arbitrage implies that:

Ki—Ki

c T;,Ki_1)—C T;,K;) > —"—
saBr(Tj,Ki—1) — Csapr(T}, K;) K K

(Csasr(Tj, Ki) — Csapr(Tj, Kit1))
Therefore, we still have
[6SABR(Tj,Ki—1) —I—Shiftj"J.] — [ESABR(Y}7Ki> —I—S/’ll'ftTj]

Ki—Ki— : .
Kll—lK {[Csasr(Tj,Ki)+ shiftr,] — [Csar(Tj,Kiz1) + shiftr,] }
i+1 — g
Lastly, there is a no call-spread arbitrage condition that requires the call option value decreasing
in strikes:
C(T,Ki+1) < C(T, Kl') when K1 > K.

We comments that call-spread arbitrage violation is rare and no violations of this condition from
the prices produced by SABR model are observed for all the computational results in this thesis.
Additionally, by the call-put parity, if we have no butterfly arbitrage and no calendar arbitrage
with call option prices, then we will have no butterfly arbitrage and no calendar arbitrage in the
put option prices as well.

B.1.1 Alternative Methods to SABR Calibration

Given BS implied volatilities computed from market option values as a discrete set of points
{Gl;n;%kt(T,K )}7.k, @ natural question is whether arbitrage exists. In most cases, one must
1. Fit a parameterization to the points {Ggg;kt(T, K)}1 k. typically by time-slice as what we

do with SABR model, obtaining a parameterization (NSZZZ »(T;,K) for each T; separately.

For example, if we fit a SABR model, 5};’:!)561(7},1() = op(F,t,T;,K;a, B,v,p) and, since
except K all other parameters are fixed for an expiry 7; at a time 7, it is a function of K
only.

2. Compute {W(7;,k)}Y | on a fine grid of k using the expression w(7;,k) := 5;1"01561(7},1()2@,

where 7; = T; —t and k is parameterized by log-moneyness, i.e. k := log(K/F(t;T)).

3. Check for the discrete no-arbitrage criteria (B.2) and (B.3) as in [33] for a given grid of
strikes and a given grid of expiries.
Alternative to using a stochastic volatility model like SABR or Heston to fit {Gé";%kl(T, K)}rk,
one can also consider a generalized model such as Stochastic Volatility Inspired (SVI) parame-
terizations.

The Stochastic Inspired Volatility model (SVI) [83] was used internally at Merrill Lynch and
publicly disclosed by Jim Gatheral in 2004. SVI is a simple five-parameters model. In 2012, the
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Surface SVI (SSVI) [85] is proposed by Gatheral and Jacquier to extend SVI model to be a model
that can fit the whole surface instead of just one volatility smile. The SSVI is parameterized in
a way that a SSVI slice at a given maturity 7 is a SVI slice with only 3 parameters. This
restriction leads to explicit sufficient conditions for the absence of arbitrage, while allowing
enough flexibility for calibration. The SSVI model is recently extended in [102] and [53]. If the
input market data used for calibration contains arbitrage, the calibrated surface from SSVI [85]
or its extension [102, 53] can typically be viewed as the surface that is as close as possible to
the original market data, while staying arbitrage-free. In this section we briefly review a recent
variant dd-eSSVTI ( data-driven extended SSVI) method [53] as an example.

B.1.1.1 dd-eSSVI Parameterization

Following the work of [53], we consider the following SSVI parameterization for a surface’s
Total Variance (TV), w(7,k) as

A

0 A - A A
w(T,k) = ?T (1 + pe Wik + \/(‘Vrk+Pr)2+ (1 _p%)> (B.11)

In this parameterization we have that

e 0. is the ATM Forward TV which can be extracted from market directly.
O =w(t,0) = o\ (T, Karmr)* - ©

where Karyr = F(l, T)
e p; controls the slope of the skew

e /; controls the curvature, which is usually defined as a function of éT: lilf(ér)

An important feature of this parameterizations is that it provides easy way to impose sufficient
conditions on the parameters (6, Pz, Vr) so that there is no butterfly arbitrage for a given slice,
and no calendar arbitrage between two time slices. Interested reader can refer to [53, 85] for the
detailed conditions on those parameters.

There are many different approaches for calibrating SSVI models. For example, one can fit
SSVI model to market data without imposing any constraints on the parameters and then check
if any arbitrage exists by imposing the arbitrage conditions on the calibrated parameters. If
arbitrage conditions are violated, one can adjust the parameters so that the sufficient conditions
on parameters are satisfied. One can also use an arbitrage-free calibration [53] by imposing the
sufficient conditions on the parameters into the calibration process. Interested reader can refer to
[102, 53] for more details on how to calibrate the SSVI efficiently.

Since the major goal in this thesis is not to compare arbitrage-free surface calibration meth-
ods, we leave the exploration of the alternative methods to calibrate the arbitrage-free surface
and comparing its impact on the data-driven risk hedging model as the future work of our study.
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B.2 Volatility Interpolation Between Expiries

In the previous section, for each 7;, we calibrate a separate set of SABR parameters and we then
use the calibrated SABR parameters to compute option price and the associated implied volatiliy
for a predetermined grid of strikes for each 7;. We correct for butterfly arbitrage and calendar
arbitrage if we detect any from the SABR models. However, after the SABR calibration, we
only obtain the parametrization of option values for expiries listed in the market. Our next goal
is get the parametrization of option values for expiries that are not available in the market. In this
section, we discuss how to interpolate the volatility between different expiries. Note that even
if we use SSVI instead of SABR model, this step of volatility interpolation between expiries is
still needed since SSVI model and SABR model are both calibrated to match the volatility smile
of market for each market expiry only. Under SSVI models, one usually interpolates the SSVI
parameters {éf, Pz, Uz} between different expiries available in market [53].

Andreasen and Huge [6] have introduced an efficient and arbitrage-free volatility interpo-
lation method based on an one step finite difference implicit Euler scheme applied to a local
volatility parametrization. In this thesis, we use the volatility interpolation approach to compute
option price for an arbitrary expiry 7 unobserved in the market.

The volatility interpolation method is based on the Dupire’s equation [68]. The Dupire’s
equation enables us to deduce the volatility function in a local volatility model from put and call
options in the market. Under a risk-neutral measure, we assume:

S_ = (r— q> dt + G(I,S[)dZ,

t

where r is the risk-free interest rate and ¢ is the dividend yield. Let C(T,K) be the call option
pricing function, Dupire’s equation states:

IC(T,K) 1

d’C(T,K)
_ -2 29V M\ELA)
57— =3° (T,K)K

0K?

IC(T,K)

_qC<T7 K)

Define the normalized call price in terms of discounting factor D(¢,T) and forward price F (¢, T)
and the normalized strike K as:

D(t,T)=e
F(t,T) = Syelr= T
oK
- F(1,T)
~ = C(T,KF(t,T))  C(T,
K = De T Fa.T) ~ DG TYF(T)
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Dupire’s equation can be simplified as [6]°:

~ ~ A ~
aT 2 oK?

, 6(T,K) = o(T,K)

Therefore, we can sequentially solve the finite difference discretization of the Dupire’s for-
ward equation using the fully implicit method. Observing that 7o =7, on the trading date ¢,
the optlon value expiring at ¢ is just option payoff, we have the the initial condition C (TO,K )=
max(1—K,0). Furthermore, when K = 0, we arrive at the lower boundary condition C(T,0) = 1.
When the largest strike K, > S;, we assume the upper boundary condition C(T Kmax) 0is
true.

Assume we are given a grld of expiries avallable inmarkett =Ty < T} < --- < Ty and a grid
of normalized strike: 0 = Ko < K1 << KN Kmax, Andreasen and Huge [ ] assume 6 (T,K)
to be a piecewise constant functions for a given T;.

(617, ITK<Ko
6(I,K)={ Gz, ifKi1 <K<K, (B.1)
\ GT:‘J?N’ if K > Ky
The authors further assume:
92C(T,K J2C(T,K
R _rar| ®2
K ey K g,

From (B.4), one can see the second partial derivative of call prices with regards to strike K is the
implied density:

1 9*C(T.K
( 5 ) :p(x;T,S,)
D(,T) JK Ky
Therefore, the boundary conditions (B.2) essentially assume that the probablity density at the

low strike boundary (K = 0) and high strike boundary (K = Ky) is zero, which is a reasonable
assumption.

3We use the call option as the example but the analysis also holds for put options. More specifically, let P(T, K)
be the function of put option price, the Dupire’s equation for put option is:

OP(T,K) 1., —~ ~,0*P(T,K)

_ 1= S Y
57 =30 (T,K)K e , o(T,K)=0o(T,K).
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The fully implicit finite difference method in matrix form is:

_Cj(Ti,lgo)_ —§<Ti+171§0>_
9(7;751) 9(E+17I£1)
C(1,Ko) | = (1=SD (T ~ 1)) | C(Tis1,K) B.3)
_6(]}71/51\7)_ _6(]}+1aEN)_

where [ is the identity matrix, S is a diagonal matrix parameterized by &(7;,.) as in equation
(B.1), D is proportional to the discrete second order difference matrix and (7;; — T;) is a scaler.
Specifically:

62(T;, Ko)
S: : te S (B'4)
az(ThI?N)
0 0 i}
L —h—wu uj
/ —bh—u u
D= ’ e . (B.5)
IN-1 —IN—1—un—1 un—
where
1 1
=
Kii1—Kj 1 Kj—K;_
1 1
Ltj: =

Kiv1—Kj-1 Kjv1—K;
Denote M(T;11,T;,6(T;,.)) = (I —SD(T;x1 — T;)). We can see that M(T;,1,T;,6(T;,.)) is a
tri-diagonal matrix parametrized by (7}, .), T;+1, and T;.

Given the price vector at 7; as the input:

[C(T:,Ko), C(T,K1), C(T,Ky), -+ C(T;Kw)]
and the matrix M(7;,,T;,06(T;,.)), we can compute the price vector at Tjy:

[C(T111,K0), C(Tiy1,K1), C(Ti1,Ky), -+ C(Tir, Ky)]-

We want the price vector at ;| produced by the above LVF to match the price vector we com-
puted using SABR model on 7. In other words, we will try to find the &(7},.), which has the
form as in equation (B.1). Andreasen and Huge [6] suggest one can obtain 6*(T;,.) by solving
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the following non-linear least square problem:

inf

R R N2
N <C(Ti+1 ,K;) = Csar(Tit1 ,Kj)> (B.6)
j=0

VegaB(E+17Ej)
where we set:

Csapr(Ti+1,K;)
D(t,Ti41)F (t,Ti1)’

6S/A.BR(TiJrl,Ej) =

~

Vegap(T;+1,K;) is the vega computed using SABR model calibrated to market prices at 7; and
Csapr(T,K) is the arbitrage-free SABR model value we produce in previous section.
Note that for the intial case Ty = 1, C(Ty, K) = max(1 — K,0) is given as the payoff. Given

C (TO,I? ), we firstly solve (B.6) for the 6*(Tp, .). After obtaining 6*(7p,.), we can then solve the
forward system (B.6) to get

QD Q)
+
=

_6(7}, I/{\N)_
sequentially fori =1,2,...,Ty;_1, where M is the number of expiries in the grid.

After we solved for 6*(T;,.),i =0,1,...,Ty_1, for T € (T;,T;1 1], we can fill in the gaps by:

[ C(T,K) ] [ C(T;,Ko) |

C(T,K1) C(T;, K1)

C(T,K) | =M NT,T;,6"(T;,.)) | C(Ti,K2) (B.7)
_6(T7 I/{\max)_ _6(E7 Emax)_

where M(T, T;,6*(T;,.)) =1 —SD(T —T;) is now a tri-diagonal matrix parametrized by 6*(7;,.),
T and T;. Note that 6*(T},.) is known after the calibration (B.6). We then recover the call price
by:

C(T,K)=C(T,K)D(t,T)F(t,T)
Interpolation based on the above procedure can guarantee the option prices computed is arbitrage-
free. Detailed proofs are can be found in Appendix E.

In this thesis, we only use the above volatility interpolation algorithm to interpolate the option
value produced by SABR model for expiry T € (T;,T;+1), where T; and T; | are expiries listed in
the market. A natural question the reader may ask is that why we cannot apply above algorithm
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with purely market prices? In other words, we solve the below problem instead of problem (B.6):

- C(Ti+1,K;) — ot (Ti11,K;)

6(T:) 5 VegaB(Ti—i-lan)

).

I/r\l reality, it is hard to find a grid of normalized strike: 0 = Eo < 1?1 < e < I?N, for which,
ka,(T,-,I? i), i=0,1,...,N all exists. Especially, if we want our grid of strike to cover both
in-the-money option and out-of-the-money option. That is why we use SABR model which can
produce option value for any K for an expiry 7; in market after the calibration. In this way, we
can use any grid of strikes as we want.

Following the discussion in section B, we summarize the SABR smile calibration and the
corresponding fix for the butterfly arbitrage and the calendar arbitrage in Algorithm B.1 and
Algorithm B.2. We summarize the LVF volatility interpolation in Algorithm B.3. With the help
from SABR model and LVF volatility interpolation, we essentially obtain a parametrization of
the option value at each trading date r: {V! . (T,K)}r . Here the expiry T can be any value
that is later than ¢ and before the maximum expiry Y}’ch’,x observed in the market on date ¢. The
strike K price can be any value. We summarize the process of constructing the arbitrage-free
options values for a given grid of strikes and a given grid of expiries in Algorithm B.4.
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Algorithm B.1: Function For SABR Calibration

1 Function SABRCalibration(s, T, Kgig):

wn A W N

10
11
12

13

14
15

Input: #: An option trading date ¢.
T: A market option expiry.
Kria = {Ko,Ki,...,Kn}: A grid of strikes for outputting option values.

Extract the set of strikes available in market at time 7: K" (¢, T)
Extract the set of market option prices {‘/t’f"T"”,{|VK c K™ (¢,T)}.
Set B* =1

Solve:

2
(a*7 V*7p*) = argmina7v7p ZKGK’"’“([,T) (VSABR(SZ;I7 Ta K7 rq;«, B*7 v, p) - Vt:#?]()

Calculate the call option prices Csapr (T, K) for K € K4 using the SABR
parameters %, o, v*, p*.

Check if there is any violation of the following condition on the grid of strikes K,y
withi=1,...,N—1:

Ki—Ki—1

Csapr(T,Ki—1) — Csapr(T,K;) > e
i1 —K;

(Csagr(T,K;) — Csapr(T,Kit+1)) (B.8)

if No violation then
‘ Set K; = Ky, Ky = Ky
else
Set K; to be the smallest K; where condition (B.8) hold
L Set Ky to be the largest K; where condition (B.8) hold

Calculate call option value function with no-butterfly arbitrage:
B CB_g(T,K;GB(KL)) if0< K <Kj,
CSABR(TaK) — Cg(x)(T, K) = CSABR(T, K) if Kj <K<Ky
CB_g(T,K; GB(KU)) if K>Ky

/* op(K) is the short form of the SABR implied volatility
approximation (2.2.11). x/

return 6SABR (T, K)
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Algorithm B.2: Function For Arbitrage Free Smile With SABR Model.

1 Function SABRArbitrageFree (1, T, Kgrig):

10

11
12

13

14

Input: 7: An option trading date 7.
T"M = {Ty =t,...,Tyy}: A grid of market available expiries at time ¢.
K,ia = {Ko,Ki,...,Kn}: A grid of strikes for outputting option value.
SABRCalibration: SABR Calibration Algorithm as in Algorithm B.1.

Set@;(To,K) = max(S; — K,0)

/* Option value with expiry Tp =t is the payoff */
fori=1;i<M;i=i+1do

| Csapr(T;,K) < SABRCalibration(s,7;.Kgriq)

fori—1;i<M;i—=i+1do
ShiflTi = —min {minKEKgn.d [ESABR(T;}K) —65A3R<Ti,1,Kﬂ ,0} .
if shiftr, # 0 then
for j=1i; j<M; j=j+1do
/* We need to shift every 7T; >T;, if shift is not zero */
L ESABR(T]',K) — GSABR(T]}K) —I—S]’lifl‘Ti

Csar(T;,K) < Csapr(T;, K)
else

—_—

| Csar(T},K) < Csapr(T;, K)

return {Csupr(T,K)|VT € Tpiy , VK € Kgrig}

127



Algorithm B.3: Function For LVF Calibration.

1 Function LVFCalibration( #, T/, Kgyig, Teria):

N-TE-L RS - Y

11
12

13

Input: #: An option trading date ¢.
T/ = {Ty =t,...,Ty}: A grid of market available expiries at time 7.
Kria = {Ko,Ki,...,Kn}: A grid of strikes for outputting option value.
Teria = {TOB =t,..., TAI,; }: A grid of expiries for outputting option value.
This grid includes every business days between 7o = ¢ and 7).
SABRArbitrageFree: SABR Surfrace Algorithm as in Algorithm B.2.

{Csagr(T,K)|VT € T"™ YK € K,yiq} < SABRATbitrageFree(t, T/ Kyiq)
Calculate

Csapr(T,K) K
D(t,T)F(t,T)’ F(t,T)
D, T)=e "I F(t,T) = S/~ 0T~

6SABR(T; 1?) = K=

> Set C(Ty, K) = max(1 —K,0)

/* The normalized option value with expiry Ty =1t is the normalized
payoff */

fori=0;i<M;i=i+1do

Obtain the local volatility function 6* (7}, K) by solving problem (B.6)

Construct S parametrized by 6*(7;,K) as in equation (B.4)

Construct D as in equation (B.5)

for j=1; j<Np; j=j+1do

if 77 € (T;,T;11] then

Construct M(T?, T;,6*(T;,.)) = (I = SD(T — Ty))

Compute
[C(TF,Ro)] [C(T;,Ko) ]
C(TP,Ky) C(Ti,K1)
C(TP,K2) | =M N(T2,T;,6%(T;,.)) | C(T:,Ka)
C(T2,K)| |C(T;,Ky)

| return {C(T,K)VT € Teria » VK € Kgrig }
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Algorithm B.4: Function For Arbitrage Free Surface Construction.

1 Function ArbitrageFreeSurface(t, Ky ig, T)uir,0ptType)
Input: #: An option trading date 7.

K,ia = {Ko,Ki,...,Kn}: A grid of strikes for outputting option value.

T/ = {Ty =t,...,Ty}: A grid of market available expiries at time ¢.
optType: Call or Put Option.

LVFCalibration: The volatility Interpolation function as in Algorithm B.3.

2 | Extract Ty.g = {Ty =1t,..., T} = Ty}: This grid includes every business days
between ¢ and Tj;. The Tjy is the maximum market expiry date in T/ ,

3 | {C(T,K)VT € Tyria , YK € Kgpig} + LVFCalibration(t, T" Ky ig, Teria)

/* Construct Put opton value using call-put parity */

Croael(T.K) = C(T,K)D(t, T)F (¢,T),D(t,T) = e "™ F(1,T) = S =0T~
Piiwdel(Tv K) = Cﬁnodel(T7K) - Sf +KD<I7 T)

5 if optType=Call then

Vntwdel (T7 K) = Cinodel (T7 K)

Vrimdel(T7 K) = Plswdel(Tﬂ K)

9 | return{V' . (T,K)|VT € Ty ig, VK € Kgyig}
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Appendix C

Construction of Training, Testing and
Validation Data Sets For GRU;graL

In this chapter, we provide more details on the construction process for the training, testing and
validation data sets.

Step 1:

Step 2:

Step 3:

We test on options with the real market expiries. The set of all testing expiries is defined
as:

Tanress = {T"|2000-01-01 < 7" < 2015-08-31, 7" is a market expiry date }

Namely, we test on all the market observed expiry date 7', which are between 2000-01-01
to 2015-08-31. Note that, we have included two crisis periods: the burst of dot-com bubble
period (2000 to 2002) and subprime mortgage crisis period (2007 to 2008). We assume we
are on the sell-side of the option trading.

For a testing expiry date 77" € Taj;1es:» We construct the testing set below:

TestSet = {Scenario(T"",K)|VK € Kg,”r’;il(to7 T'*")}

where K;”r%(to,T’“’ ) is the grid of market strikes for expiry 77¢' that can be observed
directly from market on the initial date #. And #y is 100 business away from 77¢. In
other word, the total hedging horizon is Ny = 100 business days. We build a sequence
of models to hedge those testing scenarios with the same expiry date 77" and different
strikes K € K;”r% (1o, T"*"). The testing scenario: Scenario(T'*",K) is constructed using
procedure described in Algorithm C.2.

On the initial date 7y, we prepare the training set as:

100

TrainSet = {Scenario(T,K)|VK € Kgia(T — 350

T),VT S B(Tminat())}
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Step 4:

B(T,in,t0) = {t|t is a business day, Ty <t <1}

where T,,;, is the earliest expiry to be included in the training set and B(7},,,19) is the set
of all business days ¢ with T,,;, <t < t9. We set T, to be 3 years prior to the intial date
of the testing scenarios 9. The grid of strikes Kg,;4(¢,T) is defined as: K,,4(¢,T) = {0 =
Ko <Ky <---<2%K"™ (¢ T)} with K; —K;_; = 5,i > 1 and K”¥(¢,T) is defined as the
maximum of strikes we observed in market between between ¢ and 7. In other words, we
include all training hedging scenarios for which the expiry dates are before 7y and later

than 7,,;;,.
The validation set is:

1
ValSet = {Scenario(T,K)|T =t9,VK € Kqja(T — %, T)}

In other words, we include all training hedging scenarios for which the expiry date is #y as
the validation set. Note that for training and validation set, we do not require 7" and K to be
observed directly from market. We train the model based on the training sets. We get the

hedging position for the testing scenarios from the data-driven model for ¢y only: 34‘)’%7 K-

Similarly, on any rebalancing date #; > 1y, the training set and validation set are:

100

TrainSet = {Scenario(T,K)|VK € K,,iq(T — 350" T

),VT c B(Tmin,tj)}

B(Tonin,tj) = {t|t is a business day, T, <t <t;}

where B(Tpin,1;) is the set of all business days ¢ with T, <t <{;.

100
ValSet = {Scenario(T,K)|T =1;,VK € Kgq(T — 350" T)}

We update the model based on the new training set. We get the hedging position from the

data-driven model GRUqra. for z; only: S%ﬂ - Notice that the range for the allowed ex-

piries in the training set is extended because B(7T,in,70) C B(Tyin,t ;) when t; > ty. There-
fore, We have included new data into the training data set. We also validate our model
based on most recent scenarios expiring on #;. Note that there is no forward looking
scenarios in training the model since at a rebalancing date ¢;, the training scenarios and
validation scenarios all expired already.
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Algorithm C.1: Function For Constructing Training Hedging Scenarios.

1 Function TrainingScenarioGeneration(7,optType):

10
11
12

13

14

15

16

Input: 7': an expiry date for the hedging scenarios.
optType: Call or put option.
ArbitrageFreeSurface: The function for surface construction as in
Alogrithm B.4.

Settg =T — %: A initial date for setting up the hedging scenarios.
Let tg = {t9,...,tx = T'} be the set of business dates between fy and T sorted in
ascending order.
Let K™ (1o, T) be the maximum of strikes we observed in market between between
toand T.
Construct the grid of strikes: Kg,i4(t0,7) = {0 =Ko < Ky < -+- < 2% K"K (1, T)}
where K; — K;_| =5
fort c tg do
/* Construct the Surface for each date f € tp */
T/ « the set of market expiries at ¢
ArbitrageFreeSurface(t, Kg.q(to, T),T" optType)

forz c tg do
for K € K,,i4(10,T) do
Extract underlying price S; directly from market.
Extract option value V; 7 ¢ = V! , (T,K) on the ArbitrageFreeSurface at .

model
Construct a vector of features y,T’K based on model option value.

or K € K,,i4(10,T) do

/* {S;|Vt €tp}: the time-series of underlying prices.
{Vir x|Vt €tp}:the time-series of option prices for a hedging
scenario identified by (7,K).

ey

{y!%|Vr €t} :the time-series of feature vectors for a
hedging scenario identified by (T,K). */
B Scenario(T,K) + {SI,VLT’K,y,T’K]Vt etg}

return {Scenario(T,K)|VK € Kgiq(t0,T)}
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Algorithm C.2: Function For Constructing Testing Hedging Scenarios.

1 Function TestingScenarioGeneration(7,optType):

10
11
12

13
14
15

16

17

18

19

Input: 7: A market expiry date for the hedging scenarios.
optType: Call or put option.
ArbitrageFreeSurface: The function for surface construction as in
Alogrithm B.4.

Settg =T — %: A initial date for setting up the hedging scenarios.

Extract tg = {t9,...,ty = T'}: the set of business dates between #( and T sorted in
ascending order.

Extract all market available strikes at ¢y for the expiry T as the grid of strikes:

Kot (10, T) = {K5 1 K v )
fort € tg do

/* Construct the Surface for each date 7 €tp */
T/ < the set of market expiries at time

| ArbitrageFreeSurface(r, K?JZJ (to, T),T/"™ optType)

forz ctg do

for K € K7 (10, T) do

Extract underlying price S; directly from market.

if Vt’"TktK does not exist then

Extract option value as V; 7 x = V,fw del(T, K) on the ArbitrageFreeSurface
atr.

Construct a vector of fetures ytT K based on model option value.

else

Extract option value as V; .k = V.

Construct a vector of features ytT K based on market option value.

for K € K,,i4(t0,T) do
/* {S;|Vt €tp}: the time-series of underlying prices.
{Vir x|Vt €tp}:the time-series of option prices for a hedging
scenario identified by (7,K).
{y/®|Vt € tg} :the time-series of feature vectors for a
hedging scenario identified by (T,K). */
Scenario(T,K) < {S;, Vit k, ytT’K]Vt etg}

return {Scenario(T,K)|VK € Kg’r’;’d(to, T)}
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Algorithm C.3: Building Model To Hedge Testing Scenarios Expiring on 77¢,

1 Function BuildModelForScenarios ( T, optType):

17

Input: 77¢': A market expiry date for the testing hedging scenarios.
optType: Call or put option.
TestingScenarioGeneration: The function for generating testing
scenarios as in Algorithm C.2.
TrainingScenarioGeneration: The function for generating training
scenarios as in Algorithm C.1.

test __ 100
Set to < T — 750 ‘ .
Extract tgp = {f0,...,tj,...,tn,—1}: the set of rebalancing dates sorted in ascending
order. Each rebalancing time is ¢; = #) + j X At and At is the gap between the
adjacent rebalancing dates.

Extract all market available strikes at 7 for the expiry 7% as the grid of

strikes:Kgir’?d (1o, T™*")
TestSet < TestingScenarioGeneration(7"*, optType)
Set Thin < to — 3: Tyin 1s 3 years prior to t.
for j=0,j<N,,j=j+1do
TrainSet < 0
Extract B(T;,in,tj): the set of all business days between 7, and ;.
for T ¢ B(Tm,'n,tj) do
TrainSubSet<— TrainingScenarioGeneration(7,optType)
L TrainSet <— TrainSet U TrainSubSet

ValSet« TrainingScenarioGeneration(t;,optType)
Bulid model based on TrainSet

Validate model based on ValSet

Compute the hedging position at ¢; for TestSet:

{87 kIVK € Kyl (10, T), T = T'"}

return {87 x|Vt € trp, VK € Kyt (10, T), T = T'"}
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Appendix D

Fixing the Butterfly Arbitrage for SABR
Model

In this thesis, we assume the adjusted p.d.f is of the following simplified form:

QLL q(x;uL,GL), 1If0<x<Kj,
gx)=< p(xT,S), if K <x<Ky (D.1)
Av q(x;uy,0oy), ifx>Ky

Here, K; and Ky are the lower and upper strike limits, within which the implicit probability
density function (p.d.f) p(x;T,S;) from SABR model is assumed to be valid. The ¢(x;u,0) is
the p.d.f of a log-normal distribution parametrized by u and o:

1 _ (n@-p)?
e 202

q(x;1,0) =
XOV2T

We require the following conditions to be satisfied:

1. Integrability constraint

KL Ky

Arq(x; U, op)dx + p(x; T,St)dx—k/ Av q(x; Uy, op)dx =1 (D.2)
Ky Ky

2. Martingale constraint

Ky

K, S
/0 xArq(x; Uz, op)dx + xp(x; T,S,)dx—l—/K XAy q(x; uy,op)dx=F(t,T) (D.3)
U

Ky

The Integrability constraint ensures that ¢(x) is a valid p.d.f. The martingale constraint
ensures that E[S7] = F(1,T) = S,e"~9T=") under their adjusted p.d.f.
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2

2
Furthermore, we set fz, = In(S;) + (r — ¢ — “2)(T —¢) and py = In(S;) + (r—q — GTU)(T —1)
such that we have only four parameters to be solved: {0, 0y, Az, Ay }-

Let:

e Cps(T,K;0) and Pgs(T,K; o) be the call and put option prices from Black-Scholes model
with the Black-Scholes volatility o.

e DCps(T,K;0) and DPgs(T,K;0) be the digital call and put option prices from Black-
Scholes model with the Black-Scholes volatility ¢ where a digital call pays one dollar
if the underlying price exceeds the strike and a digital put pays the same amount if the
underlying is below the strike.

e op be implied Black’s volatility given by the SABR approximation formula (2.2.11) for
K € [K,Ky]. For simplicity, we write op(K) to denote the implied Black’s volatility given
by the SABR formula (2.2.11) for a strike K since the other parameters in o5(F,#,T,K; &, 3, v,p)
remain unchanged in the following discussion for an expiry 7" at a time ¢.

By above settings, we will have:

D(t,T) /0 N A 11 6 )dx = A DPss(T. K161 (D.4)

D(t,T) /Kj Av q(x; Uy, oy )dx = AyDCgs(T, Ky ; ov ) (D.5)

D(t,T) /O (K — ) (x: 11, 01 )dx = AuPas(T. Ky: 01) (D.6)
D(t,T) /K j (x— Ku) A (x: fy, 60 )dx = AyCs (T, Kur: 00 (D.7)

If we have the below equations hold:

ALDPgs(T,K;01) = DPs(T,KL; 05(KL)) (D.8)
AUDCBS(T, KU;GU) = DCBS(T7KU;GB(KU)) (D.9)
QLLP35(T, KL;GL) = PBS(T, KL;GB(KL)) (D.10)
AuCss(T,Ky;0u) = Cps(T,Ky; 08(Ky)) (D.11)

we can show the Integrability constraint (D.2) and martingale constraint (D.3) are also satisfied
Furthermore, the solution to the equations (D.8) to (D.11) is {07, = 0p(KL), 00 = 05(Ky ), AL =
1,AU = 1}. Therefore, if we have {GL = GB(KL), oy = GB(KU), AL = 1,;LU = 1}, the Integrability
constraint (D.2) and martingale constraint (D.3) are satisfied
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Here, we firstly show the Integrability constraint (D.2) is satisfied if we have equations (D.8)
to (D.11) hold. Combining equation (D.4) and equation (D.8), we have:

Kr
ALDPBs(T,KL;GL)Z 0 QLLq(x;,uL,GL)dx (D12)

1
————DPps(T,K1;08(KL)) =

D(I,T) D(taT)

Similarly, combining equation (D.5) and equation (D.9), we have

1

1 o0
————DCps(T,Ky;08(Ky)) = ——<ADCps (T, Ky; _ ) D.1
D) Cps(T,Ku;05(Ku)) D(t,T) 1DCgs(T,Ku; 0v) /KUqu(x,uL,cL)dx (D.13)

We further note that:
KU oo {o's}
| pwrs) = [ plets)— [ pleTs)
K ki Ky (D.14)
1 1 )
= ——DCgs(T,Ky; K;))— ———DCps(T,Ky; K,
D(.T) Bs(T,Kr;08(KL)) DT 8s(T,Ky;08(Ky))
By call-put parity, we have:
DCps(T,Ky;08(K1)) =D(t,T) — DPps(T,K;08(KL))

Therefore, we have:

KU (e] [o%)
/ p@ﬁsﬁzj'an&r— p(x:T,S,)

K K Ky (D.15)
1 1 )
=1————DPps(T,Ky; K1) — ——DCgs(T,Ky; K,
DG T) 8s(T,Kr;08(KL)) DT 8s(T,Ky;05(Ky))

Combining equations (D.12) and (D.13) with equation (D.15), we show that the Integrability
constraint (D.2) is satisfied.

In terms of the martingale constraint, we firstly split the equation (D.6) as follows:
K KL K
/0 (Kp —x)Ar q(x; pur, 01)dx = /0 KA q(x;up,0p)dx — /o xAr q(x;pp,01)dx  (D.16)

Plugging in equation (D.4), we have:
Kr
KLALDP35<T, KL; GL) — ),Lpgs(T,KL; GL) = D(l‘, T) /0 x?LL q(x; MU, GL)dx (D.17)
Similarly, we have:

oo

KuyAyDCas(T, Ky 6u) + AyCas(T, Ky 0) = D(1,T) / v qlcuy,op)dx (D.18)

Ky
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Furthermore, we can show that for K; < K < Ky:

D(l, T) /KIL(U (x— K)p(x; T7 St)dx = [Cgs(T,KL; GB(KL)) + (KL —K)DCBS(T, KL; GB(KL))]

—[Cps(T,Ky;08(Ky)) + (Ky — K)DCps(T,KL; 08(Ku )]

(D.19)
From equation (D.15) we know that:
Ky
D(t.T) | ~ Kp(:T,S)dx=K[D(t,T) — DPps(T,K1; 05(K1)) = DCps(T, Ky: 05(Ky))]
L

Therefore, we have

D(t, T) /KIL(U xp(x; T, S,)dx = [CBs(T, K;; GB(KL)) + (KL — K)DCBS(T, K;;; GB(KL))]

— [Cps(T,Ky;08(Ku)) + (Ku — K)DCps(T,K1; 68(Ku )]
—f—K[D(l, T) —DPBS(T, KL; GB(KL)) —DCBs(T, KU; GB(KU))]
(D.20)

By the call-put parity, we have:

Cps(T,Kp;08(Kr)) =D(t,T)[F(t,T) — K] + Ps(T,Kr; 0(KL))

D.21
DCBs(T,KL;GB(KL)) D(Z,T) —DPBs(T,KL;GB(KL)) ( )

Combining equation (D.20) and equations (D.21), we then have:

/KIL(U xp(x;T,S;)dx =F (t,T) — lﬁ [Ki.DPgs(T,Ky;0p(Kr)) — Pps(T,Kr; 08(KL))|—

[KyDCps(T,Ky;08(Ky)) +Crs(T, Ky 08(Ky))]

D(t,T)
(D.22)

Plugging in equations (D.8) to (D.11) into equation (D.22), we have

KU 1
/ xp(6:T,S)dx =F (1,T) KLDPys(T, K1 61) — Pas(T, Ki: 1)
K D(l‘, T)

[KyDCps(T,Ky;0u) + Cps(T,Ky; ov))

(D.23)

D(t,T)
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Lastly, combining equation (D.16), (D.17) and (D.23) together,

F(i,T) :ﬁ

FT)- D(t,T)

1
D(t,T)

D(t,T)

We therefore prove the martingale constraint (D.3) is satisfied

AL[KLDPgs(T,Ky;01) — Pps(T,Kp; 01) |+
[KLDPgs(T,Ky;01) — Pgs(T,Kp; 01)]—
[KyDCps(T,Ky;0u) +Cps(T,Ky; ov)]

Au[KyDCps(T,Ky;0u)+ Cps(T,Ky; 0v )]

Since the adjusted p.d.f (D.1) satisfies Integrability constraint (D.2) and martingale constraint

(D.3) with the setting:

o, =0g(KL) , oy = op(Ky)

AL=1,Ay=1
2
W =1n(S,) + (r—q— %)(T 0 (D.25)
op(Ky)?

o =1n(5;) + (r—q— 25N (1 —1)

and will not be negative at tails of the distribution because that the two tails are from two log-
normal distributions, we can conclude that the adjusted Csapr(T,K) will be free of butterfly

arbitrage.

In this thesis, we use the risk neutral adjustment (D.1) with 4 parameters {oz, oy, Az, Ay}
due to its simplicity. Notice that density function g(x) calibrated following the above risk neutral
adjustment maybe discontinuous at K7 and K. If one want to ensure the continuity of the density
function, one can solve the overdetermined system suggested by Brunner and Hafner [27].
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Appendix E

No-Arbitrage Properties of the Volatility
Interpolation Algorithm

Define the normalized call price Q(T,I? ) in terms of discount factor D(¢,T) and forward price
F(t,T) and the normalized strike K as:

F(1,T) = Sy 9(T~1)
o_ K
- F(t,T)
~ = C(T,KF(t,T))  C(T,K)
C(T.K) = D(t,T)F(t,T)  D(t,T)F(z,T)

In this thesis, we use the Dupire’s equation to interpolate the implied volatilities between expiries:

IC(T,K) 1., = 5d*C(T,K) ., =

Assume we are given a grid of expiries available in markett = Ty < 77 < --- < Tj; and a grid
of normalized strike: 0 = Ky < K| < --- < Ky, and 6 (T, K) is a piecewise constant functions for
a given T;.

P ~
Or Ry if K <Ky

6(T;,K) =4 Opg, ifKj1 <K<K (E.1)
\ GT:‘-,[?N’ if K > Ky
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The fully implicit finite difference method in matrix form is:

_Cj(Ti,lgo)_ —€<Ti+171§0)_
9(7;751) 9(7}4-171/(\1)
C(TKy) | = (1-SD(Tyy, — T)) | C(T1.K2) (E2)
_6(]}71/51\7)_ _6(]}+1aEN)_

where [ is the identity matrix, S is a diagonal matrix parameterized by &(7;,.) as in equation
(E.1), D is proportional to the discrete second order difference matrix and (7,4, — T;) is a scaler.
Specifically:

62(T;, Ko)
S: : te S (E'3)
az(ThI?N)
0 0 i}
L —h—wm uj
/ —bh—u u
D= 2 o _ (E.4)
IN-1 —IN—1—un—1 un—
where
1 1
=
Kii1—Kj 1 Kj—K;_
1 1

u; =
Kji1—Kj 1 Kjr1—K;

Given the price vector at T; as the input:
[C(T;,Ko), C(T;,K)), C(T;,Ks), -+ C(T;,Ky)]
and the matrix M(T;y1,7T;,6(T;,.)), we can compute the price vector at T;1:
[C(Ti41,Ko), C(Ti1,Ky), C(Tiy1,Ka), -+ C(Tiy1,Ky)]-

We want the price vector at 7;, | produced by the above LVF to match the price vector we com-
puted using SABR model on 7;, . In other words, we will try to find the 6 (T;,.), which has the
form as in equation (E.1), by solving the following non-linear least square problem:

(6(7}41,1@) — Csapr(Ti1,K))

= )? (E.5)
VegaB(Ti—i-l ) K])

_inf
o(T,.) J

141



where we set: o
Csagr(Ti+1,K;)
D(I,E+1)F(l,7}+1)’

6SABR<E+17EJ) =

Vegap (T4 ,I? ;) is the vega computed using SABR model calibrated to market prices at 7;,; and
Csapr(T,K) is the arbitrage-free SABR model value we produce in previous section.
Note that for the initial case Ty = 1, C(Tp,K) = max(1 — K,0) is given as the payoff. Given

C(Tp, K), we firstly solve (E.5) for the 6(Ty,.). After obtaining 6(Tp,.), we can then solve the
forward system (E.5) to get
)

%)

K
K

2)

Q) Q) )
=
5

=

~—~~

(T,

_é(Tiv EN)-
sequentially fori =1,2,...,Ty;_1, where M is the number of expiries in the grid.

After we solved for 6(7;,.),i =0,1,...,Ty_1, for T € (T;,T;11], we can fill in the gaps by:

Q(T KO) Q(THKO)

C(T,Kl) C(T;,K))

C(T,K2) | =M (T, T;,6(T;,.)) | C(T;,K2) (E.6)
|C(T, Konax ). |C(T;, Konax ).

where M(T,7;,06(T;,.)) =1 —SD(T — T;) is now a tri-diagonal matrix parametrized by o (7;,.),
T and 7;. Note that G(T,, ) is known after the calibration. We then recover the call price by:

C(T,K) = C(T,K)D(t,T)F(t,T)

The finite difference scheme (E.2) and (E.6) produce call option prices that are free of but-
terfly and calendar arbitrage. We prove this with the following Theorem E.1 and Theorem E.2.
In this thesis, we provide proofs for discrete cases with a given grid of strikes and expiries. For
detailed proofs for the continuous cases, interested readers can refer to [6].

Theorem E.1. On the discrete strike grid I/(\o, . ,I?N, the finite difference scheme (E.2) and (E.6)
produces call option prices that are convex in strikes:

Ki—Ki_

Kii1—K; <C(T’Kl) _C<T7Ki+1)) when Kii1>K >K;—
+1 7 By

C(T,Ki_l) —C(T,K,') >

Proof. We prove this by the mathematical induction.
Base case: For the first expiry Ty = t, we have C(Tp, K) = max(1 — K,0) which is the normalized
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payoff. We naturally have the convexity in strikes at 7. Denote the vector of option value to be:
C(Ty) = [C(7y.Ko) C(To.Kr) C(To,Kp) - C(To.Ky)]

As we can see, the convexity in strikes at 7y implies all elements in I[Da(To) are non-negative.
Induction step: Assume we have the convexity in strikes at 7;,i = 0,1,...,N — 1, i.e., all el-
ements in DC(7;) are non-negative. The finite difference scheme (E.6) can be written as the
matrix equation system

(I—SD(T —T))C(T) =C(T;), i=0,1,2,....,N—1, T € (T;, T1]. (E.7)
Thus, we can rewrite the equation (E.7) as
S~ —DJ(SDC(T)) = DC(T}) (E.8)

where we denote D = D(T —T)).

We assume that 6(7;, K ) > 0 for all K, therefore we can easily see that:
A=S1-D

is an M-Matrix [150] and thus all elements of A~! are non-negative.

We can then easily see that if elements in the vector DE(Y}) are all non-negative, then el-
ements in DC(T;) are all non-negative. With all elements of A~! being non-negative, we can
easily show that elements in the vector SDC(T') are all non-negative. Furthermore, since:

SDC(T) = (T — T;)SDC(T),

and S is a diagonal matrix with non-negative diagonal elements, we can easily see that all ele-
ments in DC(7') are non-negative which is equivalent to show that:

Ki—Ki4

C(T.K,_;)—C(T,K;) > ———
(1K) =€ K) > 7k

(C(Talg) o C(T7 KH—I)) :

Conclusion: Since both the base case and the induction step have been proved as true, by math-
ematical induction, we therefore prove the convexity in strikes which proves the absence of
butterfly arbitrage.

]

Theorem E.2. On the discrete strike grid I/(\o, . ,I/{\N, the finite difference scheme (E.2) and (E.6)
produces call option prices increasing in maturity:

C(T;,K;) > C(T;—1,K;) whenT; > T;—;
Proof. Recall that, for T € (T;,T;4+1],i = 0,...,M — 1, we rewrite the finite difference scheme
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(E.6) as:

[ = SD(T — T;)|C(T) = C(T) (E.9)
Differentiating equation (E.9) by T on both side:
I —SD(T —Ty)] 9C(T) _
3T C(T)+[I —SD(T —T;)] 3T =0
Therefore: R
T
[I—SD(T —T;)] oCUT) _ SDC(T)
oT
Multiply S~! on both side:
oC(T) =
[S71—D(T - T))] S(T ) =DC(T) (E.10)
Recall we define: B
A=S"'-D

where we denote D = D(T —T;). Therefore, we can rewrite equation (E.10) as:
= — AT'DC(T) (E.11)

Since in Theorem E.1 we already prove the convexity in strikes which implies elements in ]D)é(T)
are all non-negative and all elements in A1 are non-negative since A is an M-Matrix [150],

aC(T)

we can further conclude that all elements in =5~ are non-negative. Therefore we prove the

generated option prices are increasing in maturity which proves the absence of calendar arbitrage.
]
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Appendix F

Model Structure of GRU oy and
GR LOCAL

TOTAL

Below we briefly illustrate the model structure of GRUpora. and GRULISAE

F.1 Feature Selection via Embedded Feature Weighting

Similarly as in GRUyg, for the sequential feature y{ K the 7™ component of the normalized
weight vector is given by

exp(a)f )

d,

Y.lexp (wlS )
The weighted feature vector at time {; is defined as
S
oTK _ exp(®°) T.K

C el

F.2 GRU Encoder

At the step i, the encoder computes the value of the hidden state h; using a GRU cell. The input
at the step i of the encoder is §tT K= I,...,N+1. The internal structure of the GRU cell is
shown in Figure 4.2.

LetW_U., b, W, U,b, W, U,;,b, denote parameters shared by all GRU cells. We com-
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pute the h; as:

z;= sigmoid(Wﬁg’K +Uh; | +b;)

r; = sigmoid(Wrig’K +Uh;_;+b,)

h; = mnh(whyg KLU, (riohi_)) +by)
hi=(1-2)0h_ +z0Oh

The hidden state at the last step hy_ |, corresponding to time Ty, = ¢, is supplied to the decoder
as the fixed size vector hg, which extracts relevant information in Y, .

F.3 Decoder for GRU g1

~

The decoder of GRU oA computes the candidate output 5%7 x in the following way:

3;%71( = sigmoid (V. , tanh(UomﬁE +W our tAiIAt.,TJ( +Dbou))-
The the output gate value W is given by:
Ws = sigmoid(vE,,, tanh(U Gauchg +WGat25;A:[Az7T7K +bGare))-
For hedging a call option, the final output from GRUjy is :
8k = g%"K x Ws + 87 x x (1 —W;)
For hedging a put option, the final output from the model is:
8% k= — 8%k x W5 + 8/ x (1-Wp)

where 87 x is the candidate output.
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Appendix G

Comparison of GRU;op, and GRULOCA

We define the total hedging risk as:

Risk/®!x = N’il { { /8 il } sV } + Vio.T K Vrrk (G.1)
TK = - . T.K —Vrr, -
01 = \LLD(tj1,T) D(t;,T)] D(to,T)

where D(t,T) = e7"=") is the discount factor and {t9,t1,...,ty, 1} is the set of rebalacing

time.

In training the GRU7gra1, We use the following objective:

M
Objira = 1. Reterel | (G2)

=

where the relative total hedging error is defined as:
D(to, T;)Risk!'
Retg — D0 Rk (G.3)
” Vio. 7.k
The objective for training the GRULIA" is:
d ki

Objrocat =Y, Y, |AVH i = A8/ il (G.4)

i=1 et

where gy = {f),...,7y; _} is the set of rebalancing dates for the i-th hedging scenarios with
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expiry T’ and initial date té and we have:

AVZj>K,T (t07t]+1) tiv1,K,T D(to’tj)vtf’K’T
AS;; = D(to,tj41)St,,, — D(t0,1;)St;
D(t,T)=e T

tj=to+ jAt; j=0,...,Nyp—1; to=T —NyAt

The model structure for GRUora. and GRULJSA! is the same which is discussed in Ap-
pendix F. The same set of hedging scenarios are used as the training, testing and validation data
sets. The training procedure is also the same as indicated in Algorithm C.3. The only difference
is the objective function used in training.

G.1 Call Option Total Hedging Comparison

In this subsection, we present the results for call options. We show the hedging performance for
Near-The-Money(NTM), In-The-Money(ITM), Out-of-The-Money(OTM) separately. Note that
we are not training models for NTM, ITM and OTM separately. We still train the model using all
training set. The NTM, OTM, and I'TM scenarios are classified based on the Black-Scholes delta
at the initial date 7y where we set up the hedging portfolio: 53 °r k- For call option, the criteria is:

o NTM: 0.3 < 855, <07
o ITM: 0.7 < 8% x < 0.95

e OTM: 0.05 < 8%, <03

We omit the testing scenarios for deep in-the-money (0.95 < 635 rx < 1.0) and deep out-of-
the money (0.0 < 53 T <0. 05) options due to the fact that they are highly illiquid in market
and their market quotes are highly unreliable. Also, the deep in-the-money and deep out-of-the
money scenarios are deleted from training set and validation set.

G.1.1 Call Option Weekly Hedging Comparison

In Table G.1, we demonstrate the results on weekly hedging call options. Furthermore, in Figure
G.1, we compare the distribution of the relative hedging error of GRUtora;. With the distributions

of the relative hedging error of GRULISAL.

From Table G.1, we can see that, GRUora;. performs better than GRULISA in terms of most
of total risk measures except for the CVaR(99%) for ITM and NTM scenarios and VaR(99%)
for the OTM scenarios. We have observed significant reduction of the mean absolute relative
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Near-The-Money | In-The-Money | Out-of-The-Money
Mean Abs Relative Bror | ¢y 1854 | 50 oote | oss
o | R 0w it e
cvmomm | QU e omes s
Vi (9% GRUSEL | 06361 ones | 1583
CVaR (9% GRUSC | 07942 o2 | 2106

Table G.1: Summary of weekly hedging S&P 500 call options (testing set) for 100 business days
with total hedging evaluation criteria described in section 6.2. Please note that the total hedging
evaluation in this table assumes we are at the sell-side of the option trading.

Near-The-Money Call Option In-The-Money Call Option 50 Out-of-Money Call Option
1001 ‘
Local Local Local
1501 Total
801 Total Total 60 ota
£ £ £ :
C 60 C 100 [
(o) (o) =3
o o S 40
@ 401 @ 2
T T T
50
204 20
0 0 0 ;
-10 -05 00 05 1.0 -06 -04 -02 0.0 02 -2 0 2 a 6
(@) (b) (©

Figure G.1: Comparing total risk hedging model GRUrorar and local risk hedging model
GRULSSAE on weekly hedging S&P 500 call options (testing set) in terms of the distribution
of the relative hedging portfolio value at the expiries as in equation (6.1.3). The distribution in
this figure assumes we are on the sell-side of the option trading.
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error GRUora. Wwhen comparing with GRULOSA". However, in terms of tail loss reduction, the

improvement from GRUrora; over GRULOSAE is less significant.

G.1.2 Call Option Monthly Hedging Comparison

In Table G.2, we demonstrate the results on monthly hedging call options. Furthermore, in Figure

G.2, we compare the distribution of the relative hedging error of GRUorar. With the distributions

of the relative hedging error of GRULSSAE.  From Table G.2, we can see that, GRUrgr, still

Near-The-Money | In-The-Money | Out-of-The-Money
Mean Abs Relative Error gﬁg;g?}; gggjg gggig }ggg
ViR (95°% GRUEESE | 0399 019 | 0o
CViR 957% GRUIEL | 0607 odia | 1600
o | 0T
ViR (99%) GRUISSE | ot ois0 | 25194

Table G.2: Summary of monthly hedging S&P 500 call options (testing set) for 100 business days
with total risk hedging evaluation criteria described in section 6.2. The total hedging evaluation
in this table assumes we are on the sell-side of the option trading.

Near-The-Money Call Option In-The-Money Call Option Out-of-Money Call Option

N
o
o

Local Local | Local
Total Total i 604 Total

o]

o
=
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o
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=
o
o
Histogram
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o
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o
u
o
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o

o
o
o
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(a) (b) ()

Figure G.2: Comparing total risk hedging model GRUqrar and local risk hedging model
GRULISAE on monthly hedging S&P 500 call options (testing set) in terms of the distribution of
the relative hedging portfolio value at the expiries as in equation (6.1.3). The distribution in this
figure assumes we are on the sell-side of the option trading.

performs better than GRULISA" in terms of reducing the mean absolute relative error. However,
the reduction is less significant than the comparison in weekly hedging. Also, GRUrgra. and
GRUISA! perform roughly the same in terms of tail loss measured by VaR and CVaR.
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G.2 Put Option Total Risk Hedging Comparison

In this subsection, we present the results for put options. We again show the hedging performance
for Near-The-Money(NTM), In-The-Money(ITM), Out-of-The-Money(OTM) separately. The
NTM, OTM, and ITM scenarios are classified based on the Black-Scholes delta at the initial date

to where we set up the hedging portfolio: StlgST - For put option, the criteria is:

o NTM: —0.3 > §5% > —0.7
o ITM: —0.7 > 8% > —0.95

e OTM: —0.05 > 85, > —0.3

We omit the testing scenarios for deep in-the-money ( —0.95 > 5£ny x > —1.0) and deep out-of-

the money (0.0 > 55?}7 x > —0.05) options due to the fact that they are highly illiquid in market
and their market quotes are highly unreliable. Also, the deep in-the-money and deep out-of-the

money scenarios are deleted from training set and validation set.

G.2.1 Put Option Weekly Hedging Comparison

In Table G.3, we demonstrate the results on monthly hedging put options. Furthermore, in Figure
G.3, we compare the distribution of the relative hedging error of GRUtgra;. With the distributions

of the relative hedging error of GRULISAE.

From Table G.3, we can see that, GRUora, still performs better than GRULISA" in terms of
reducing the mean absolute relative error for ITM and OTM scenarios and the performance for
NTM scenarios is similar. On the other hand, in terms of tail loss measured by VaR and CVaR,
the reduction from GRUrgps. over GRULOSA! is significant for ITM scenarios.
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Near-The-Money | In-The-Money | Out-of-The-Money
Mean Abs Relative Error ggg;gé}; 8;?;2 g??gg }Zgig
o |G (8 omerTam
CVaR (95°% GRUWES | 112335 osios | irss
VaR (9% GRUWES | 114361 0199 | 14539
CVar 91 GRUIBL | 1773 09 | 17060

Table G.3: Summary of weekly hedging S&P 500 put options (testing set) for 100 Business days
with total risk hedging evaluation criteria described in section 6.2. Please note that the total
hedging evaluation in this table assumes we are on the sell-side of the option trading.
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Figure G.3: Comparing total risk hedging model GRUrorar and local risk hedging model
GRULSSAE on weekly hedging put options (testing set) in terms of the distribution of the rel-
ative hedging portfolio value at the expiries as in equation (6.1.3). The distribution in this figure
assumes we are on the sell-side of the option trading.
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G.2.2 Put Option Monthly Hedging Comparison

In Table G.4, we demonstrate the results on monthly hedging put options. Furthermore, in Figure
G.4, we compare the distribution of the relative hedging error of GRUorar. With the distributions

of the relative hedging error of GRULJSA".

From Table G.4, we can see that, for NTM and ITM scenarios, we achieve better mean
absolute relative error from GRUgrar.. For OTM scenarios, GRU%S%QLL performs better in terms
of mean absolute relative error. The tail loss measured by VaR and CVaR for NTM scenarios
is roughly the same for GRUropa. and GRULSSY . GRUqrorar. The tail loss from GRU orar
for OTM scenarios is slightly better than GRULJSAE. The tail loss from GRUorap for ITM

scenarios is significantly better than GRULOCAE.

Near-The-Money | In-The-Money | Out-of-The-Money
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oo | QR [T e

Table G.4: Summary of monthly hedging S&P 500 put options for 100 business days with total
hedging evaluation criteria described in section 6.2. The total hedging evaluation in this table
assumes we are on the sell-side of the option trading.
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Figure G.4: Comparing total risk hedging model GRUrorap and local risk hedging model
GRU;SAE on monthly hedging put options (testing set) in terms of the distribution of the rela-
tive hedging portfolio value at the expiries as in equation (6.1.3). The distribution in this figure
assumes we are on the sell-side of the option trading.
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