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My Theoretical Bias: Real-Time Dynamics
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Features of DFT: Structure
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Features of DFT: Structure
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Features of DFT: Structure

Density, o(r) Nucleon localization function
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Features of DFT: Dynamics
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Features of DFT: Dynamics

S

Isoscalar Current

-

Isovector Current

Ve 4
[ S48
7 B3

&m EC \X/OI’kShOp agfgg/ggtggiosgtgauyation Workshop
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Features of DFT: Sensitivity
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https://docs.google.com/file/d/1ErZ2-HzhFrzmmQVoefRYC5CBAgcbehvs/preview

Case Study: Heavy-ion Fusion

When calibrating our models, we want to choose data
that is 1) abundant and 2) informative

Near-barrier fusion turns out to be a very rich data
source to mine information on ill-constrained features
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Case Study: Heavy-ion Fusion

The recipe:

Take samples from EDF posterior

Perform time-dependent simulation

Extract ion-ion fusion barrier

Compute capture cross sections
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Case Study: Heavy-ion Fusion
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Case Study: Heavy-ion Fusion
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Case Study: Heavy-ion Fusion
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Case Study: Heavy-ion Fusion
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Effect primarily driven by
difference in height of the
effective fusion barrier

We also see a large spread
for other properties — let's
check for correlations!



Case Study: Heavy-ion Fusion
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Is this Accessible in Calibration?

With Gaussian processes, surel

Time-dependent emulators that better capture the rich
dynamics would be preferred, however
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Perspectives for Time-Dependent Emulation

Two large classes: data-driven and model-driven
Model-driven:

RBMs strike again! Along with other technology
mentioned by Christian and Pablo
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TDRBM Examples - Particle in a HO Trap

In general, we need to inform our basis with information

across time for our system:
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TDRBM Examples - Particle in a HO Trap
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https://docs.google.com/file/d/1t_0rCmIXv5MqbbTPjkp11Ubgsrha262I/preview

TDRBM Examples - Particle in a HO Trap

We take our snapshots
across time and
parameter space and
generate our POD basis:
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TDRBM Examples - Particle ina HO Trap

And, in the simplest RBEM
iImplementation, we can
just propagate in time with
our reduced Hamiltonian:
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https://docs.google.com/file/d/1kvD4G6HvKQ5QHc5HaIYo0LVUCbpkNs_1/preview

TDRBM Examples - Particle in a
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TDRBM Examples - Adding Nonlinearity
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TDRBM Roundup

In general we need a bigger basis, but we get away
with larger time steps thanks to the increased stability

This is for a periodic system, albeit a complicated one.

Ultimate goal of collision emulator is likely difficult for
RBMs in this naive implementation

%’ EC \X/Orkshop agﬁ%ggtgrlzgosgté?a%ation\X/orkshop



Perspectives for Time-Dependent Emulation

Data-driven:
Dynamic Mode Decomposition (DMD)

Sparse ldentification of Nonlinear Dynamics (SINDy)

Neural Implicit Flow (NIF)
"dimensionality reduction” O oot

+ awhole zoo..
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Dynamic Mode Decomposition
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Dynamic Mode Decomposition

S. L. Brunton et al., arXiv:2102.12086
Kutz et al., “Dynamic Mode Decomposition” (SIAM, 2016), https://www.dmdbook.com

e create snapshot matrices of discretized dynamic system
X=(hy -~h,_), X=(h -h,)
e express evolution with the help of the Koopman operator K
h,. , = Kh;, — X' =KX

e take the Moore-Penrose pseudo-inverse Xt to compute an
(approximate) matrix representation of K:
K=XX"

* solve eigenvalue problem for Koopman operator to construct
reduced basis of dynamic modes

gw EC Workshop

H. Hergert - INT Workshop 21R-1C - “Tensor Networks in Many-Body and Quantum Field Theory”, INT, Seattle, Apr 5, 2023



Application: Sensitivity Analysis & UQ G

J. Davison, J. Crawford, S. Bogner, HH, in preparation
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* reduction to dominant DMD modes allows sensitivity studies &
uncertainty quantification (while still generating full H(s))

e showing 200k+ Monte Carlo samples in LEC parameter space:
g@ EC \X/orkshop 4-5 order of magnitude computing time reduction
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Sparse Identification of Nonlinear Dynamics

What if we could mine the form of the time
dynamics directly from the data?
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I. True Lorenz System I
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Sparse Identification of Nonlinear Dynamics

Also good candidate for model discovery
even beyond time dynamics!
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Neural Implicit Flow

Even more data-driven: let's look at
hypernetworks for learning dynamics
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Neural Implicit Flow
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Neural Implicit Flow

Student Aaron Philip making
good headway for applications
to TDDFT! First step is to see
how much we can reduce the
dimensionality per time step
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Neural Implicit Flow (as an interpolator)

NIF Emulator: 6 Sensors

Sky3D TDDFT (Ground Truth)
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https://docs.google.com/file/d/1a4Ym1wO6AtaQqeIQzigD882ilXdBK1ZQ/preview

Where to Next?

A potential gain on the statistical side is to apply
dimensionality reduction techniques in that realm

One avenue is the polynomial chaos expansion — a sort
of RBM for your probability distribution — but we're still in
the early days of theoretical development here
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Enter. Normalizing Flows

"A Normalizing Flow is a transformation of a simple
probability distribution (e.g., a standard normal) into a
more complex distribution by a sequence of
invertible and differentiable mappings.

lvan Kobyzev et al, . Normalizing flows: An introduction and review of current methods. IEEE
Transactions on Pattern Analysis and Machine Intelligence, 2020.
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And now our trained
normalizing flow!
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Some Perspective

Samples that trained the
normalizing flow: ~20 mb

Deployed normalizing flow
neural network: ~20 kb
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Immediate Goal

Enable traceable posterior
distribution and easy
sampling for arbitrary
problems!

Yukari Yamauchi

é& EC \X/Orkshop agﬁgg%‘tgrlzgosgté?a%ation\X/orkshop



Deployable Emulators
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https://bmex.dev

Deployable Emulators - Perspectives for
Experimental Design and Control?
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R. Roussel et al, Phys. Rev. Lett. 130, 145001
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Challenges?

Let’s discuss! Each application domain has its own - as a
community we should try to identify common issues and
their solutions

It's gonna be a long journey, so please share what you

learn along the way!

https.//rbm.ascsn.net

@ Forum is coming soon!
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