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I. Introduction
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Return

Let S; be the stock price at time t. There are two types of returns.

e Relative return

Ry = (St — S¢—1)/Se-1

* Logreturn

R; = log

St—1
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Applications of QuantGANSs

1. QuantGANSs enable us to generate realistic log-return paths for the S&P 500 across

multiple scenarios.

Types of Machine Learning

Machine
Learning
Supervised Unsupervised Reinforcement
Task Driven Data Driven Learn from
(Predict next value) (Identify Clusters) Mistakes
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Applications of QuantGANSs

2. We can predict future prices or trends of assets based on past behavior.
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LLong-range dependency

What key information should QuantGANSs capture from log-return data?

Long-range dependency

Long-range dependency means correlations persist across distant time lags.



Volatility, Dnift, and Innovation
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Geometric Brownian Motion(GBM)

Geometric Brownian Motion (GBM) 1s a mathematical model used to describe the
random behavior of asset prices over time.

dS; = uS;dt + oS dW; where W;: Brownian motion, u: drift and o: volatility

9

R, = logSSt = u +o(Wy —Ws_1) where uy= = u — —

t_l A

Dnift Volatility Innovation
Ht,0 0t,0 ,0~N(0,1)



II. Generative Adversarial Networks (GANs)



Construction of QuantGAN's

Quant GANs

|

Generator Discriminator

Stochastic Volatility
Neural Networks (SVNNSs)



Generative Adversarial Networks

R o

Real or Fake

*

Discriminator Network

Fake Images ‘ Real Images
(from generator) | G" - - (from training set)
Generator Network

*

Random noise z

Yunhuyang, 2022.7.20, https://process-mining.tistory.com/169



Generative Adversarial Networks

/ 1.1.d. Gaussian noise process

* The random variable Z represents the noise prior and X the targeted (or data)
random variable. t S&P 500 Log-return Data

* The goal of GANGs is to train a network g: RNz x ©(9) - RNx such that the

induced random variable gg(Z) = gg © Z for some parameter 0 € 0(9) and the
targeted random variable X have the same distribution, i.e. gg(Z) =



Generative Adversarial Networks

Loss function of GAN's

1: parameter of discriminator

ﬁ(gj 77) — | [log(dn (X))} ) [log(l . dn (QQ(Z)))] 0: parameter of generator

dy(+): function of discrimimator
~ X: targeted r.v.

= E [log(d,(X))] + E |log(1 — dn(Xf?))]

Xp: generated r.v.

Step 1
Let the 1 represent real data and O represent fake data.

The discriminator’s parameter € 0D are chosen to maximize the function L(0,),0 € 09,

Step 2

The generator’s parameters 6 € 09 are trained to minimized the probability of generated
samples being identified as such and not from the data distribution.



Generative Adversarial Networks

We get the min-max problem

min max L£(6,n)
0cO(9) neeld)

which refer to as the GAN objective.



III. Temporal Convolutional Networks (T'CNs)



Construction of QuantGAN's

Quant GANs
Generator Discriminator
Stochastic Volatility TN
Neural Networks (SVNN’s)
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Advantages of TCNs

1) TCNs are able to capture long-range dependencies 1n sequences.

2) TCNs with skip connections have an advantage of avoiding
exponentially vanishing gradients.



Construction of T'CNs

TCNs are neural network models primarily designed to ethciently handle sequential
data, such as time series.

= Constructions

Dilated causal convolutions = Causal convolutions + Dilated convolutions

L, 23



Causal Convolution

Causal convolutions are convolutions, where output only depends on past sequence elements.
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Dilated Convolution

Dilated convolutions are convolutions ‘with holes’.
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Block Module
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1x1 Convolutional Layer
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T'emporal Convolutional Network
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Skip Connections

Skip Connections

X
4
weight layer
JT(X) l relu N
weight layer identity

Figure 2. Residual learning: a building block.



TCN with Skip Connections

Definition 3.15 (TCN with skip connections). Assume the notation from Definition 3.10 and for
N skip € N let

vy RNi=xizn o RV s RNskin X T2 for [ € {1,..., L}

denote block modules. Moreover, let v be a block module with arguments (N kips IVL4+1,5 0). If the
output Y € RVL+1X1% of 9 TCN f : RNoxTo x @ — R¥z+1X71L g defined recursively by

(X”),H(”) — (X(H)) forl € {1,...,L}

L
=1

where X () ¢ RNoxTo then f is called a temporal convolutional network with skip connections.



TCN with Skip Connections
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Vanilla TCN with Skip Connection

Figure 7: Vanilla TCN with skip connections.



IV. Log-return Neural Process



Overview

Quant GANs
TCN Discriminator TCN
Generator
Stochastic Volatility
Neural Networks (SVNNSs)
Induced process of SVNN

Log-return neural process
(log-return NP)



LLog-return Neural Process

Notation 4.4. Consider a stochastic process (X;);cz parametrized by some # € O. For s,t €
Zi, s < t,we write

Xs:t,@ = (Xs,ﬁ'a .o :Xt,ﬁ')
and for an w-realization

Xato(w) == (Xsp(w), ..., Xpo(w)) € RNx*(=s+D),

We can now introduce the concept of neural (stochastic) processes.



LLog-return Neural Process

Definition 4.5 (Neural process). Let (Z;);cz be an i.i.d. noise process with values in R*¥# and

g: RNzxT'” . @(9) 5 RVx 3 TCN with RFS T9) and parameters § € ©9) . A stochastic process
X, defined by

X :QxZx0W 5 RNx
(w,t,0) = go(Zi_ (1) —1):t(W))
such that X; 5 : Q — RVX isa F — B(RNx )-mea&urable mapping for all ¢t € Z and 6 € (9,
called neural process and will be denoted by Xy = (Xt 9)tcz.



LLog-return Neural Process

The GAN objective for stochastic processes can be formulated as

min_max £(6,n), Monte Carlo estimate
0e0@ nep(@

where

L(0, T]) =K [log(dn (Xlz'ﬂd)))] +IE |log(1 — d??(XlzT(d>,9))

and X ...(@ and X 1.7@ g denote the real and the generated process, respectively.



LLog-return Neural Process

Definition 5.1 (Log return neural process). Let Z = (Z;);cz be RV% _yalued i.i.d. Gaussian noise,

g(TEN) . RNzxT 5 (TCN) _ R2Nx 3 TCN with RFS 79 and ¢(¢) : RNz x ©() — RNx be a
network. Furthermore, let o € ©T™™) and 3 € ©(©) denote some parameters. A stochastic process
R, defined by

R:QxZx 0N « gl 5 pNx
(w,t,a, B) = [0r.a @ €5+ fit.al (W),
where © denotes the Hadamard product and
: TCN
hi == Q'Et ) (Zt—T(S):(t—l))
Volatility TCN ¢ o = |he,1:Nx |
Dift TCN  fta = Ay (Nx+1):2Nx
Innovation NN €r.3 = QEC;E)(Zt) :
is called log return neural process. The generator architecture defining the log return NP is called

stochastic volatility neural network (SVNN). The NPs o, = (0t.0)tcz, fta = (ft.o)tez and
€3 ‘= (€.3)tez are called volatility, drift and innovation NP, respectively.



LLog-return Neural Process
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V. Numerical Results



Numerical Results

QuantGANs Using Pure TCN

0.3 4

0.2 4

0.1 A

log(S(t))
log(S(t))

1 1 1 1 1 1 1 1
0 500 1000 1500 2000 0 500 1000 1500 2000
t (days) t (days)

Figure Al. Five generated driftless log paths. Figure A2. Fifty generated driftless log paths.



QuantGANs VS GARCH(1,1) (old model

QuantGANs GARCH(1,1) (old model)
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