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TL; DR: Proposed Stable Neural SDEs Experiment Results

- We propose three stable classes of Neural Stochastic Differential Equations:
. . _ " 15 Methods Mean Squared Error (x 10~?)
Neural LSDE: Neural Langevm—type SDE ", | lati RNN-VAE 13418 £0.008 12594 +0.004  11.887£0.005  11.133£0.007  11.470 0.006
— (i) Z(t)}2 9 nterpo ation L-ODE-RNN 8.132£0.020 81400018  8171+0030  8.143£0025  8.4020.022
. L-ODE-ODE 6.721£0.109  6816+0.045  6798+0.143  6.850£0.066  7.142 % 0.066
= Z(t); , = , i) z(t)? m “Fu 139 % 0. 018 0. 157 % 0.05: 410 % 0. 798 % 0.03
dz(t) =y (2(t); 0p)dt + o(t; 6,)dW (£) with z(0) = h(x; Op). 0 MSE error versus percent I e 1 O 1 O O e
. . —l
e Neural LNSDE: Neural Linear Noise SDE — (iv) Og(t) . . Neural SDE 8.592+£0.055  8591+0.052  8540£0.051  8318£0.010  8.252+0.023
observed time points on _ _
Neural LSDE 3799 +0.055  3.584£0.055 345720078  3.262£0.032  3.111 0.076
_ . (V.) Oo(0)2(0) Epoch Neural LNSDE ~ 3808£0.078  3.617£0.129 340520089 32690057  3.154 +0.084
dz(t) = y(t,z(t); 0,)dt + a(t; 0,)z()dW (t) with z(0) = h(x; 6y). 5 30 40 €0 80 100 —— (vi) ge(t, (t); B) - RNN Neural SDE PhysioNet Mortality Neural GSDE 38240088  3.667£0079  3493+0024 32870070  3.118+0.065
Observed % 50% 0% 70% 80% 90%
+ Neural GSDE: Neural Geometric SDE Epoch " GRUD - —— NewrlLSDE 6
. . . - —— Neu
Instability from stochastic noise —_ Neural CDE Neural GSDE — N
dz(t . _ Methods cmory Lsage
( ) — ’y(t, Z(t), Ht)dt + O-(t, HO_)dW(t) Wl'th Z(O) — h(x’ Hh) Regular 30% dropped  50% dropped  70% dropped (MB)
GRU-At 0.223£0.020  0.198+0.036  0.193£0.015  0.196 % 0.028 533
. . . T . Impact of our proposed methods = i GRUD OSTH L0082 0G0SL001 05875003 05790052 569
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* Building upon well-established SDEs, we propose three stable Neural SDEs:
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 Existence and Uniqueness: The proposed Neural SDEs have their unique strong solutions.
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+ Neural ODEs: z(t) = z(0) + [, f(s,2(s); 6;)ds

« Stochastic stability™: The stability of the proposed method is theoretically guaranteed.

_ t
» Neural CDEs: z(t) = z(0) + [, f(s,2(s); 6f)dX (s) - Absorbing property of GSDE: When a latent representation value hits zero, it remains zero.
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 Neural SDEs: z(t) = z(0) + fotf(s,z(s); Hf)ds + fotg(s,z(s); Hf)dW(S)

* Stability in Neural Differential Equations ensures that the output distribution changes continuously with respect to input distribution
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shifts, guaranteeing the model's robust performance even when faced with irregular intervals or missing data. Intelligence Graduate School Program (UNIST)).
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