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Discovery of new stable materials

Artificial intelligence is revolutionizing prediction in science
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Prediction of protein structure Space weather prediction

NASAJET

Chemistry Nobel Prize 2024 Camporeale et al. 2018

LLNL

Schmidt et al. 2019

High prediction accuracy often comes at the expense of poor interpretability (and generalization)

Neural networks (deep learning) are extraordinary at “learning” complex nonlinear patterns in large datasets
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From data science to governing equations
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Johannes Kepler (1571-1630): an early big data scientist 

By carefully analyzing the best and most well-guarded 
astronomical data for 11 years, he posited the elliptical 
nature of planetary orbits 

Isaac Newton (1643-1727)

Newton’s law of gravitation explained attractive force 
between objects and why planets move in elliptical orbits
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Can we use AI to discover governing equations directly from data?
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Lorenz system*

Wang et al., PRL (2011); *Brunton et al., PNAS (2016);  
Schaeffer, PRS A (2017); Rudy et al. Science (2017)

Sparse regression methodology

•  ODE/PDE identification by selecting from library 
of candidate terms

•  Use sparsity-promoting regularizers to select 
important terms

Ability to efficiently handle multi-dimensional, multi-variate data makes sparse regression a potentially 
suitable approach for complex nonlinear dynamics, such as in plasma physics problems
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Plasmas are ubiquitous and intrinsically multi-scale systems
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99.9% of visible universe is plasma
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99.9% of visible universe is plasma
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Data-driven discovery of reduced models from first-principles simulations
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Advance particles

Advance E.M. 
fields

Deposit currentEvaluate fields 
on particles

dp
dt

= q
(
E +

v
c
× B

)

∂B
∂t

= −c∇× E

∂E
∂t

= c∇× B − 4πj

∆t

(i, j)

Particle-in-cell (PIC) method provides first-principles description of a plasma
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Can we “discover” reduced plasma models using sparse regression?
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1. Sampling measurement volumes from data 2. PDE discovery as a regression problem

3. Solve sparse optimization problem

=

ξ

...

n candidate PDE terms

m
 p

oi
n
t-

m
ea

su
rm

en
ts

∂ t
f
(p

i)

x
(p

i)

E
(p

i)

v(
p i

)

f
(p

i)

E
∂ x

∂ v
f
(p

i)

E
∂
2 v
f
(p

i)

n
 u

n
kn

ow
n
 c

oe
ff
ic

ie
n
ts

∂tF Library Θ ξ 

. . .

0 2 4 6 8 10
x[c/ωpe]

−0.4

−0.2

0.0

0.2

0.4

v[
c]
,E

[m
e
cω

p
e
/3

e]

t

measurement volumes (Ωi)

a1) Randomly sample measurment points
from the data

. . .

0 2 4 6 8 10
x[c/ωpe]

−0.4

−0.2

0.0

0.2

0.4

v[
c]
,E

[m
e
cω

p
e
/3
e]

t

measurement points (pi)

a2) Construct and evaluate library of
candidate terms at sampled points (pi)

b1) Randomly sample measurment volumes
from the data

a3) Solve sparse regression

argminξ||∂tF −Θξ||22 + λ||ξ||0

a4) Inferred PDE via point-wise
measurements:

∂tf = −0.8025v∂xf + 0.6726E∂vf
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b2) Construct library of candidate terms 
and integrate over sampled volumes (Ωi)

b3) Solve sparse regression

argminξ|| ∂tF Ω Θ Ωξ||22 + λ||ξ||0

b4) Inferred PDE via volume-
-integrated measurements:

∂tf = −1.031v∂xf + 0.9873E∂vf
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E. P. Alves and F. Fiuza, Phys. Rev. Research 4, 033192 (2022)
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Kinetic Vlasov equation robustly recovered
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Accurate recovery of the 
underlying PDE

Inferred PDE:

∂t f = − 1.006v∂x f + 0.997E∂v f

∂t f = − v∂x f −
q
m

E∂v f

True Vlasov eq.:

• <1% error in inferred coefficients
• Vlasov equation was not 

directly solved in simulation

Pareto analysis reveals steep Pareto-front
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E. P. Alves and F. Fiuza, Phys. Rev. Research 4, 033192 (2022)



F. Fiuza | September 10, 2025 | IST-PhysFront’25F. Fiuza | October 3rd, 2022 | MPML Seminar

Recovery of the single-fluid (MHD) equations from dynamics of magnetized shocks

Data PDEs

PDE identification and inference accuracy

a) Point strategy b) Integral strategy

noise estimate: 5%

Weibel instability dynamics

Governing PDEs
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E. P. Alves and F. Fiuza, Physical Review Research (2022); arXiv:2011.01927
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PDE identification and inference accuracy

MHD equations “discovered” from fully-kinetic particle data
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E. P. Alves and F. Fiuza, Phys. Rev. Research 4, 033192 (2022)
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Hierarchy of Pareto-optimal models can help identify suitable approximations

F. Fiuza | September 10, 2025 | IST-PhysFront’25
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Pareto analysis of the MHD energy equation from magnetized shock dynamics

E. P. Alves and F. Fiuza, Phys. Rev. Research 4, 033192 (2022)
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Take aways

AI / machine learning can be a powerful tool to discover governing equations from data: 

Takes advantage of increasingly large datasets available

Interpretable tools, such as sparse regression, promote scientific insight and can stimulate 
theoretical efforts to “reverse engineer” learned equations from lower-level frameworks

Can accelerate development of reduced models for different multi-scale, nonlinear systems
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Embedding conservation laws in reduced models

Different colors indicate quantities observed from different Lorentz-boosted frames

Example: Lorentz covariance

M. McGrae-Menge et al, arXiv:2506.14048 (2025) 

Large reduction in coefficient errors
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Can we use AI to discover governing equations directly from data?

F. Fiuza | September 10, 2025 | IST-PhysFront’25

*

Symbolic regression methodology

•  Candidate symbolic expressions generated via genetic programming

•  Expressions are evaluated on the data

•  Evolutionary algorithms to optimize expression accuracy while balancing complexity

*

Bongard & Lipson, PNAS (2007) 
*Schmidt & Lipson, Science (2009)

Combinatorially large search space and does not scale well to multi-variate high-dimensional systems 


