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Pricing

Price of a derivative with pay-off ®(S7)
u(t,x) =E [e_r(T_t)¢(ST)|5t}

Feynman-Kac formula:
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Rough Heston

® Not Markovian = no PDE
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Rough Heston

® Not Markovian = no PDE

e Lifted Heston: Markovian, but multiple dimensions
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Deep Galerkin Method
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Deep Galerkin Method
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Deep Galerkin Method
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Issue: Taking second derivative makes training in high dimensions slow
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Idea

Rewrite PDE as energy minimization problem
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Idea

Rewrite PDE as energy minimization problem

® Only first order derivative

® No norm
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Idea

Rewrite PDE as energy minimization problem

® Only first order derivative

® No norm

Split in symmetric and non-symmetric part
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Splitting method
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Splitting method
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Splitting method
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Splitting method
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Example, n =1

dSt = rStdt + v VtStth
th = —Atht + nv thBt

Motivation Splitting method



Example, n =1
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th = —Atht + nv thBt

Ju  _Ou ou 5., 0%U 5., 0%u 0%u
E‘rsas AVav ta 35 Vogz T ”Vav2+’”75vasav

—ru

Splitting method TDG Neural n



Example: n=1
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Example: n=1
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Example: n=1
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Example: n=1
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Example: n=1
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Time Deep Gradient Flow
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Time Deep Gradient Flow
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® Divide [0, T] in intervals (tx_1, ti] with h = tx — tx_1
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Time Deep Gradient Flow
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Time Deep Gradient Flow
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Time Deep Gradient Flow
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Time Deep Gradient Flow
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Time Deep Gradient Flow
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Time Deep Gradient Flow

1%(u) = 5 H Ukiluz + h/Q% ((VU)TAVU + ru2) +F (Uk*1> udx
U* = argmin I*(u)
ueHY ()

fK(x;0) = argmin I*(u)
ueC(0)

C(0) = space of neural networks with parameters 6

Results



Algorithm

1: for each time step k =1,..., K do
2: Initialize 06‘ = gk-1




Algorithm

: for each time step k=1, ..., K do
Initialize 06‘ =pk-1
for each sampling stage n do
Generate random points x’ for training
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Algorithm

1: for each time step k =1,..., K do

2: Initialize 06‘ =pk-1

3: for each sampling stage n do

4 Generate random points x’ for training

5 Calculate the cost functional I%(f(x'; 6%))

Results



Algorithm

: for each time step k=1, ..., K do
Initialize 06‘ =pk-1
for each sampling stage n do
Generate random points x’ for training
Calculate the cost functional /%(f(x'; 0X))
Take a descent step 0%, = 0% — a,, Vol *(f(x'; 0X))
end for
end for
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Base

No-arbitrage bound:
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Linearization

f(xp+y;0)=Ff(xp;0)+y, y>0.
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Architecture
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Lifted Heston, n =1
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Lifted Heston, n = 20
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Running times

Model LH, n=1 | LH, n=20
DGM 12.5 x 103 | 54.3 x 103
TDGF | 59x10% | 7.4 x103

Table: Training time

Results



Running times

Model LH, n=1 | LH, n=20
DGM 12.5 x 103 | 54.3 x 103
TDGF | 59x10% | 7.4 x103

Table: Training time

Model | LH, n=1 | LH, n=20
COS 9.1 10.0
DGM | 0.0043 0.0015
TDGF | 0.0019 0.0018

Table: Computing time

Results
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