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PHISICALLY INFORMED NEURAL NETWORKS (PINNs)

Automatic differentiation: Neural networks are able to keep
track of the gradient of outputs with respect to inputs

Training means tuning the parameters and therefore tuning the
outputs and also their gradients

PINNs are based on training a network in order to have specific
output gradients to solve differential equations



HAMILTONIAN NEURAL
NETWORKS

Zi— (Q17 -y 4d, P1, "'7pd)T

\ }
|

k= ) ==

|

O 1
— il

:| D x D MATRIX



HAMILTONIAN NEURAL
NETWORKS

Zi— (Q17 -y 4d, P1, "'7pd)T

k= ) ==

|

01}

— il

HAMILTON E.O.M. IN SYMPLECTIC NOTATION

7l =



HAMILTONIAN NEURAL

NETWORKS
e {0 1}

7 == (ql’...,Qd,ply'“?pd)T —]_ O

k= ) ==

HAMILTON E.O.M. IN SYMPLECTIC NOTATION

OH ]
OH pi:_ . - Z:J.VZH




HAMILTONIAN NEURAL

NETWORKS
S {0 1}

7 == (ql’...,Qd,ply'“?pd)T —]_ O

\ }
|

k= ) ==

HAMILTON E.O.M. IN SYMPLECTIC NOTATION

o
Tig 8pz- : a%’

7l =

1 i ]

n=1 Teg s g m=l




APPLICATION: GRAVITATIONAL FIELD

Hamiltonian Neural Networks approach to fuzzball geodesics
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BACKTRACING

Starting point: runge-kutta TRAJECTORIES:

* Protons
* Earth magnetic dipole,
 Generated with RK45,

* Initial conditions generated with Guassian
distributions for moduli of position and velocity,
uniform distributions for theta and phi.
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Initial Bs vs Initial radius with RMS Velocity Color Coding
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STARTING POINT: RUNGE-KUTTA

* A trajectory is a sequence of timestamps,
* Single timestamp: [¢t, x, y, z,v*,vY,v?%, a*, a”, a?],

* Trajectories are separated into two groups: those
originated outside the Earth’s magnetosphere and those
within it

* If there is a value of r>10E. R. : outside
e Otherwise: inside
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ML DATASET: FRAGMENT OF TRAJECTORY

NORMALIZED MASS AND CHARGE:
m=1
g=1

o~

Z
v
4
v

ﬂ-k ~ N ﬂ.\< ~

Q

«-A.QN ﬂ.a%

17
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TRANSFORMER DECODER INFERENCE
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POSITIONAL ENCODING

PROBLEMS

* P:token position in the sequence P=1

+ i: feature position i=0,...,8 * Discrete and fixed position AP=1

* Relative positions cannot be learned

P
PE(P,2i) = .
) C08[1000022/%}

P
PE(P,2i + 1) = si .
Bl 8”1{100002de}
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RELATIVE LEARNABLE TIME ENCODING
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RELATIVE LEARNABLE TIME ENCODING
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RELATIVE LEARNABLE TIME ENCODING
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TRANSFORMER DECODER INFERENCE
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CROSS ATTENTION LAYER
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CROSS ATTENTION LAYER
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CROSS ATTENTION LAYER
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TRANSFORMER DECODER INFERENCE
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RE-TRAINING: PINN
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£ = of [grad (7, 1) - 5]+ [grad (3, 1) — 5 x Bi]) + B{Jai] - Jo])
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BACKUP SLIDES
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ML DATASET: FRAGMENT OF TRAJECTORY

NORMALIZED MASS AND CHARGE:
m=1
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ML DATASET
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ML DATASET
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ML DATASET
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ML DATASET
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NETWORK INPUT
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NETWORK ARCHITECTURE: VARIATIONAL AUTO-ENCODER

Previous Matrix Encoder

Predicted Timestamp
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NETWORK ARCHITECTURE: VARIATIONAL AUTO-ENCODER

Previous Matrix Encoder b s

Predicted Timestamp

_

S Predicted

45



NETWORK ARCHITECTURE: VARIATIONAL AUTO-ENCODER

Previous Matrix Encoder b s
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NETWORK OUTPUT
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TRAINING EVENT
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TRAINING EVENT

NEXT EVENT
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TRAINING LOSS
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L = MSE(Timestamps)
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Liot = MSE(Timestamps) + MSE(Following Matrices)
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training_20251008_084213 VAE Training Losses

—— Reconstruction Loss
—— Latent Loss
Total Loss
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Liot = MSE(Timestamps) + MSE(Following Matrices)



TRAINING LOSS
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training_ 20251008 084213 VAE Delta Percentage Means

—— Delta Reconstruction % Mean
——— Delta Latent % Mean

c
©
]
=
v
o
©
B
c
]
O
—
)
[a
©
=
[
@)




TRAINING LOSS
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PREDICTION: CONSTRUCTION OF THE TRAJECTORY

Previous Matrix Encoder b s

Predicted Timestamp
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PREDICTION: CONSTRUCTION OF THE TRAJECTORY

Decoder
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RE-TRAINING: PINN

Li= Oé{[gfji(ﬁ,fi) —
\

—_

(%

H[grﬁ(%ti) — U X éz}} T 5{\?77;| < |?70\}

|

TRAIN MINIMIZING THIS TERM

MEANS SOLVING
THE EQUATIONS OF MOTION

|

61




RE-TRAINING: PINN
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