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||in% chaos
sB Grebogi, and James A. Yorke
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News & Views | Published: 22 September 2010 An @rticle within the collection: Letters from the Past - A PRL Retrospective

Complex systems

. .. . 'Th iodi i i i.e., periodi
Foreseeing tipping points The periodic orbits are dense in the attractor [i.e., periodic

orbits pass through any neighborhood (however small) of any
point on the attractor]. For discussions of the relation of er-
godic properties of an attractor to its dense set of unstable
periodic orbits, see, for example, C. Grebogi, E. Ott, and J. A.
Yorke, Phys. Rev. A 37, 1711 (1988); 36, 3522 (1987); D. Au-
erbach et al., Phys. Rev. Lett. 58, 2387 (1987); H. Hata et al.,
Prog. Theor. Phys. 78, 511 (1987); A. Katok, Publ. Math,
IHES 51, 137 (1980); R. Bowen, Trans. Am. Math. Soc. 154,
377 (1971).
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Theory suggests that the risk of critical transitions

in complex systems can be revealed by generic

indicators. A lab study of extinction in plankton

populations provides experimental support for that

principle. See Letter p. 456
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IEEE TRANSACTIONS ON AUTOMATIC CORTROL, VOL. 53, NO. 3, APRIL 2008
L | IEE].E ,TACZ 2008
Stabilization and

Differential Equations by Noise

John A. D. Appleby, Xuerong Mao, and Alexandra Rodkina

Abstract—This paper considers the stabilization and destabi-
lization by a Brownian noise perturbation that preserves the equi-
librium of the ordinary differential equation x’'(t) = f(xz(t)).
In an extension of earlier work, we lift the restriction that f obeys
a global linear bound, and show that when f is locally Lipschitz,
a function g can always be found so that the noise perturbation
g(X (t)) dB(t) either stabilizes an unstable equilibrium, or desta-
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Recent Accepted Authors Referees
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Neural Lyapunov Control NeurIPS 2019

Part of Advances in Neural Information Processing Systems 32 (NeurlPS 2019)

Authors
Ya-Chien Chang, Nima Roohi, Sicun Gao

‘We propose new methods for learning control policies and neural network Lyapunov

functions for nonlinear control problems, with provable guarantee of stability. The
framework consists of a learner that attempts to find the control and Lyapunov

Press

X(t)=—V'(x)+ Ay cos(Qt+ @)+ &(t)
a b 1
V(ix)= ) x2+Z x4 t"]nl'i
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Neural Laplace: Learning diverse classes
of differential equations in the Laplace

domain

DRew: Dynamically Rewired Message
Passing with Delay

Benjamin Gutteridge, Xiaowen Dong, Michael M. Bronstein, Francesco Di Giovanni Proceedings of

the 40th International Conference on Machine Learning, PMLR 202:12252-12267, 2023,
nal Conference

Samuel I Holt, Zhaozhi Qian, Mihaela van der Schaar Proceedings of the 39th Internatio
on Machine Learning, PMLR 162:8811-8832, 2022.

broader classes of DEs. Recently, Zhu et al. (2020) proposes
a specialized neural architecture to learn a DDE. but the
method is unable to learn the more complex IDE and often
suffers from numerical instability. Kidger et al. (2020b) pro-

3 ies prediction. | just discussed this
ali€asues at MITCouple of days ago. The iterative process of
of order interactions in a data-driven regime is neat.

[
.
-
inliDehsh
information flow by tuning the delay parameter v. Our use r timeser
of delay is loosely inspired by delay differential equations c
DDEs). which have also inspired architectures which lever- i

age delay in the wider deep learning space (Anumasa &
PK. 2021: Zhu et al.. 2021: 2022) based on neural ordi-

HiE A DeepMind A TEREISEIN S RZEZGRAINORER FAEETASYSRRRER
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iha ing method . ) »
X A machine learning predictor enhances

structural inference and
onh accuracy capability for solving intricate physical
problems
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