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Methodology: Active Symbolic Discovery of ODEs via Ehase ortrait Sketching

Ordinary Differential Equations (ODEs) describe the evolution of dynamical systems in continuous time. Output B — B X B A— x2 B — Const B — Sin(x1) ( Softmax )
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- A dataset D = {7, ..., Ty}, Where each ; is a ground-truth trajectory ° ',""
, 0 5 10
- A set of mathematical operators { +, —, X, = ,sin, log...} Time (sec)

Objective: predict the best symbolic form of ODE that attain minimum loss on the data:
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argmin ) ) L(x(1).%(1)),  where X(1) = Xo+ | ¢(x(1), c)dt
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- Predicted trajectory X, X(¢;), ..., X(%,);
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- Ground-truth trajectory X, X(#), ..., X(%);

- Loss function L can be normalized mean squared error. (c) region u, is selected to draw data other than region u; for its hlgher informativeness.
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The GAP: model using pre-collected dataset are fimited
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(2) (b) (c) (d) Noisy Strogatz datasets (62 = 0.01, & = 0) | Irregular Strogatz dataset (c° = 0, = 0.1)
Figure 1. The quality of predicted ODE from passively-learned baseline is Predicted x; Predicted x2 n=1 n=2 n=3 n=4 n=1 n=2 n=23 n =4
heavily influenced by the collected training data while our APPS is not. °  True 1 o True x SPL | 0.938 1.019 2.915 3.068 0.127 0.526 3.196 4.193
SINDy | 6.4E—-3 4.152 2.498 5.21 6.66—4 0472 0.827 4.163
Motivation: How to actively query informative data for evaluating ODEs? ProGED | 0.121  0.658 3.673 3.856 0.134  0.769 2.766 4.181
ODEFormer | 0.139 0.621 2.392 0.812 0.031 1.036 1.51 1.011
Phase Portrait is a qualitative analysis tool for studying the behavior of ODE ¢1 = (10sin(x;), 4 cos(x1 +2)) APPS (ours) | 7.75E-4  0.369 1.581 0.657 106E-6 0215 1.012 0.947
dynamical systems. Table 2: On the Strogatz dataset, the Median NMSE 1is reported over the best-predicted expression found by all the algorithms
- A curve is a short trajectory of the system over time from a given initial 1 - under noisy or irregular time sequence settings.
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- The arrow on the curve indicates the direction of change U <<<<<<@>>>>\)\<<< Ranking-based  Running Peak
Je- RN /. SR\ TabI.e 3: Our met.hod shows a smaller distance (]) Time () Memory ({)
1 ranking-based distance. Also APPS takes
Butterfly Effect states small variations in initial conditions can lead to less memory consumption and less APPS (ours) 0.08 5.2 sec 3.76 MB
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