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Algorithm: DGM

1: Initialize 6.

2: for each sampling stage n=1,..., N do

3 Generate M random points (tm, Xmm) for training.

4: Calculate the cost functional L(6,; t,x) for the selected points.
5 Take a descent step 0,11 = 0, — aVyL(0n; t,X).

6: end for

Methods ementatiol Results
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Algorithm: TDGF

1: Initialize 08.

2: Set f9(x; 0) = W(x).

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

4: Initialize 6§ = 6%~

5: for each sampling stage n=1,..., N do

6: Generate M random points x,, for training.

7: Calculate the cost functional L¥(#X;x) for the selected points.
8: Take a descent step 0%, = 0k — aVyLK(0K; x).

9: end for

10: end for

Methods Implementation Results



Architecture

X® =01 (W% + 5%,
X’:al(W’X’_1+b1), I=1,...,L,
F(x;0) = (S— Ke ™) 4oy (WXL n b> ,
(Wl,bl) c (RDXd,RD>
<W’,b') c (RDXD7RD>

(W, b) € (RlXD,R)
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Parameters

(W, p) € (RP*?,RP)
(W’,b’) e (RDXD,RD>
(W, b) € (R“D,R)
0 — (Wl,bl, W' b w, b>, I=1,...1L

e [: layers

® D: nodes per layer

Implementation



Sampling stages: TDGF, BS
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Sampling stages: DGM, BS
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Sampling stages: DGM, Heston
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Samples: TDGF, BS
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Samples: DGM, BS
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Layers: TDGF, BS
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Layers: TDGF, Heston
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Layers: DGM, BS
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Layers: DGM, Heston
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Nodes per layer: TDGF, BS
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Nodes per layer: TDGF, Heston
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Nodes per layer: DGM, BS
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Nodes per layer: DGM, Heston
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Time steps, BS
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Time steps, BS
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Conclusion

Parameter Accuracy | Training time
Sampling stages v’ v’
Samples - X
Layers v’ v’
Nodes per layer - X
Time steps v’ v’

Results
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