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Hamiltonian dynamics

Hamiltonian equations Phase space variables Symplectic gradient flow
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Hamiltonian dynamics
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Symplectic Integrators

explicit Euler, A = 10 symplectic Euler, h = 100
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from Hairer et al, Geometric Numerical Integration



Canonical Transformations

Change of variables

x=(p,q — z=(P,0)
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which satisfies (sz) J ( sz) = J | symplectic condition



Canonical Transformations

Change of variables

x = (p,q) z=(P,0)
T . .
which satisfies (sz) J ( sz) = J | symplectic condition

one has 2=V,KZ)J where K(z)=H-°x(Z)

Preserves Hamiltonian dynamics in the “latent phase space”



Statistical mechanics perspective

 Canonical transformation deforms phase space density p(x) = e 1™
e Symplectic condition => Jacobian determinant = 1

* Liouville theorem: incompressible flow in phase space
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Example: Cartesian <—> Polar

(Dys Py> X, Y) (Dys Pps 1> @)

" COS X

How to design “useful” canonical transformations ?



Neural Canonical Transformations



Neural transtormation in 1d
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Neural transformations in higher dims

() WaveNet 1609.03499 1711.10433 & Giow 1807.03039

https://deepmind.com/blog/wavenet-generative-model-raw-audio/ _
https://deepmind.com/blog/high-fidelity-speech-synthesis-wavenet/ https://blog.openai.com/glow/
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Representation Learning

Output
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Goodfellow, Bengio, Courville, http://www.deeplearningbook.org/
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|_earning representation for science
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Automatic chemical design Galaxy evolution

Gomez-Bombarelli et al,1610.02415 Schawinski et al, 1812.01114




Representation learning in statistical physics
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Effective theory emerges upon Physics happens on a manifold
transformation of the variables | earn neural nets to unfold that manifold
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Neural Renormalization Group

Normalizing flow with multi-scale neural network Liand LW, PRL ‘18
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Identify collective variables; and fast sampling w/ learned representation



Neural Canonical Transformations
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Symplectic
Neural Nets

pohysical latent

Learn the network and the latent harmonic frequency together



Modular design of the symplectic network

= T (x) (V,2)J(V,2) =7

Z
T =T 0T r0T 50 symplectic group

Compose symplectic primitives to a deep neural network



Neural symplectic primitives

Neural coordinate transformation

Structure and Interpretation of
Classical Mechanics

second edition

P 53 Pr=p ( VQQ)
gé - invertible
q ) 0 =/(g) neural net

o Linear transformation: Symplectic Lie algebra [y

o Continuous-time flow: Symplectic generating functions

See also Bondesan, Lamacraft, 1906.04645
Neural ODE, Chen et al, 1806.07366, Monge-Ampere flow, Zhang et al 1809.10188




Training approaches

Variational calculation Density estimation
“learn from Hamiltonian” “learn from data”
L = jdx p(x)|In p(x) + fH(x)| & = — Eguaggases |In p()|
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Sample in the latent space Sample from dataset in the physical space



How s this going to be useful ?

Let’s play with examples!
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Example 1: Harmonic Chain

1 n
H = 2 Z [piz +(q; — %‘—1)2]
=1

|
‘-0 ~p—dp-@ O~

—ermi—Pasta—Ulam-Tsingou problem w/o nonlinearity




| earning the normal moades
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Consistency check: neural nets can learn linear coordinate transformations



-xample 2: Alanine Dipeptiae

Y

250 ns molecular dynamics simulation data at 300 K
https://markovmodel.github.io/mdshare/AL A2/#alanine-dipeptide




More than 3 hours of video ...




What do biologists see 7
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“Dimensional reduction” to manually designed collective variables




What does the neural net see 7
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Unsupervised learning of slow & nonlinear collective variables from data
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Example 3: MNIST

Data scientists:

"50,000 grayscale
images with 28x28 pixels”

Physical Chemists:

“Stable conformations
of a molecule with 784
degrees of freedom”
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_earning slow variables of MNIST
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_earning slow variables of MNIST
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Conceptual Compression

pohysical

a)1<a)2<0)3<604<‘“

Cncoder | ¢ slow modes, keep
W)
W3
f fast modes, throw away
Wy
q latent Q

Compress by keeping slow collective variables

Kingma et a
autoencode

. 1312.6114 Gregor et al, 1604.08772 Dinh et al, 1605.08803

rs/hierarchical network architecture/hyperbolic latent space...



Neural Alice-Bob game

Allce
slow modes
Encoder Decoder .
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Conceptual Compression of MNIST

Original
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Conceptual Compression of MNIST
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Conceptual Compression of MNIST

~ g —WNY ~0
~ N dmkiNng N oo
ST~~~ N
QX Oo~+NYAN T~
B OO TN I L

Ny T Q oW e~ N
T8 S 0GM oM T W
“W QG WNYO DB ™00
CeO~=n~Q el
S AW QQmI

20/784 kept

oW gT—VI 0
~Nbdbmding N2
SR —~0CNNN—ND
QXN O —NQAN T~
OO XEINNY I LYy

MM TQ ove—~ Mo
TS UMM
© QO NS WA 00O

Original




"A Hamiltonian Extravaganza’

—Danilo J. Rezende@DeepMind

Sep 25 ICLR 2020 Paper Submission deadline
Sep 26 Symplectic ODE-Net, 1909.12077 SIEMENS

Sep 27 Hamiltonian Graph Networks with ODE Integrators, 1909.12790 Q

Sep 29 Symplectic RNN, 1909.13334

NYU

Sep 30 Equivariant Hamiltonian Flows, 1909.13739

-

Hamiltonian Generative Network, 1909.13789 Q http://tiny.cc/hgn
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L@l Neural Canonical Transformation with Symplectic Flows, 1910.00024 &) ‘&



Thank You!

Neural Canonical Transformation with Symplectic Flows, 1910.00024
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