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Interpretable Conservation Law Estimation

by Deriving the Symmetries of Dynamics from Trained Deep Neural Networks
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e Abstraction e Method
We propose a framework to connect the deep neural networks (DNNs) to a DNN and Manifold Hypothesis u
study on conservation laws, the fundamental topic in physics. Our . #mg

framework does not aspire to conduct physical data analysis using DNNs, %’* é

DNNs model the data-distribution as manifold. [Bengioet al. 13] Laurens van der Maaten

but rather to find interpretable physical information from trained DNNs. | . (LYY e e
Using Noether's theorem and an efficient sampling method, the inference of ﬁ ‘@ % "W ,

conservation laws was achieved through extracting symmetries from trained K
DNNSs. It applies to a wide range of phenomena, including symmetries, d,,-dim hyper plane 15 I I K
because it only uses the general properties of DNNs and Hamiltonian - '= e

. . o« o . . . . B v _ \:.'5: _f“&,‘
mechanics. It will support physicists in constructing a minimal model of Fa | T fo— B 11>

complex systems. N
Paper: https://arxiv.org/abs/2001.00111 P~ | . ! Tenenbaum 00)
Video: https://www.youtube.com/user/MrKeaton2012 RS Y Ty (Basri ctal. 16]
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Noether’s theorem connects the continuous symmetry of the Hamiltonian system and

its conservation law. Considering the Hamiltonian systems in 2-d dimensional phase space

(q.p), let the system’s Hamiltonian be H(gq, p). Assuming that the Hamiltonian H (g, p) and

the canonical equations (equations of motion), %;’—p) = —p and "”{g—g”) = @, are invariant * Constant-velocity linear motion
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e Summary and Discussion

H(q,.p,) = Ei'pH»Al =P, —

= {QT+AT-P'I‘+A’I'sQT'P7'

will be a powerful tool for physicists constructing a reduced model
of complex systems. We believe that our work greatly contributes to

wiIt's possible to estimate the conservation law directly from the time-series dataset!! the construction of a reduced model of complex systems such as
a collective motion system

\ (q,M,,p,M,)/ Targeting the collective motion of living things, we show that our framework
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