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Introduction



ML in astronomy

• Image classification

• Extrapolation

• Generate simulations

• Parameter estimation
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Scientific discovery



Scientific discovery



Kepler’s Laws



Orbits are ellipses Equal areas in equal times

Kepler’s Laws







How do we do this?

1. Train a GN to learn the law of physics.

2. Extract the equation from that GN.
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Graph Neural Networks

Node 1

Node 3Node 2

Edge 1-2 Edge 3-1

Edge 2-3

Global  1
Global 2
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Many Complex Systems are Structured
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Many Complex Systems are Structured
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Physical systems as graphs

Nodes: bodies 
Edges: gravitational forces

Nodes: balls 
Edges: rigid collisions between balls/

walls

Nodes: masses 
Edges: springs and rigid collisions

Battaglia et al., 2016, NeurIPS
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Battaglia et al., 2016, NeurIPS
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How do we do this?

1. Train a GN to learn the law of physics.

2. Extract the equation from that GN.
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Symbolic Regression
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“Used for finding regularities (constancies 
and trends) in data”

“Used for discovering bivariate equations 
only”



Symbolic Regression
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Symbolic Regression
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https://github.com/MilesCranmer/PySR



Symbolic Regression
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Symbolic Regression
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Symbolic Regression
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f(x) = x − 0.32



Symbolic Regression
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f(x) = cos(x − 0.32)



Symbolic Regression
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f(x) = x + cos(x − 0.32)



Symbolic regression

• PySR repeats this process iteratively

• It comes up with a set of “candidate equations”



Symbolic Regression
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Summary of the 
algorithm



Cranmer et al., NeurIPS 2020
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See Alvaro’s talk yesterday!
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⃗x 1

⃗x 2 ⃗x 3

1. Our inputs are the 
positions of the 
bodies



⃗
d 1,2 ⃗d

3,1

⃗d 2,3

1. Our inputs are the 
positions of then 
bodies

2. They are converted 
into pairwise 
distances



Inductive biases

See Alvaro’s talk yesterday!
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1. Our inputs are the 
positions of the bodies

2. They are converted 
into pairwise distances

3. Our model tries to 
guess a mass for 
each body

⃗
d 1,2 ⃗d

3,1

⃗d 2,3

M1

M2 M3
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1. Our inputs are the 
positions of the bodies

2. They are converted into 
pairwise distances

3. Our model tries to 
guess a mass for each 
body

4. It then also guesses a 
force, that is a 
function of distance 
and masses

M1

M2 M3

⃗F 2,3 = ϕ( ⃗d 2,3; M2; M3)
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1. Positions

2. Distances

3. Mass guess

4. It then also guesses a 
force, that is a function of 
distance and masses

5. Using Newton’s laws of 
motion ( ) 
it converts the forces 
into accelerations

∑ ⃗F = M ⃗a

M2, ⃗a 2

⃗F 2,3 = ϕ( ⃗d 2,3; M2; M3)

M3, ⃗a 3

M1, ⃗a 1



⃗
F 1,2
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ϕ(

⃗
d 1,2
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1;

M 2) ⃗F
1,3 =

ϕ(
⃗d
1,3 ;M

1 ;M
3 )

1. Positions

2. Distances

3. Mass guess

4. Force guess

5. Acceleration

6. Finally, it compares this 
predicted acceleration, 
with the true 
acceleration from the 
data M2, ⃗a 2

⃗F 2,3 = ϕ( ⃗d 2,3; M2; M3)

M3, ⃗a 3

M1, ⃗a 1



1. Positions

2. Distances

3. Mass guess

4. Force guess

5. Predicted acceleration

6. Minimize 
⃗a (pred) − ⃗a (true)
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M2, ⃗a 2

⃗F 2,3 = ϕ( ⃗d 2,3; v2; v3)
M3, ⃗a 3

M1, ⃗a 1



Learned Simulator



• We use data from NASA’s Ephymeris system.

• We extract orbits for bodies with , 
leaving 31 bodies.

• We use data from Jan 1980 - Jan 2010 for training, 
and Jan 2010 - Jan 2013 for validation.

• We extract positions and velocities in Cartesian 
coordinates, in the solar system barycentre frame.

M > 1018 kg

Data



Graph Network

Loss = ∑
(A − g(V, E; θ))2

A2

• Our GN uses 3 hidden layers of 128 neurons each.

• It has an extra trainable scalar per node.

• We use “tanh” activation functions.

• Our loss function is a normalised MSE.



• We use data in log scale to deal with large dynamic 
ranges.

• We use 3D rotations of the system for data 
augmentation.

• We add random noise during training.

Graph Network



Inductive biases
• Translational symmetry

• Rotational symmetry

• Newton’s second law 

• Newton’s third law 

• Choice of reference frame, units, etc.

∑ ⃗F = M ⃗a

⃗F ij = − ⃗F ji

⃗
d 1,2 ⃗d

3,1

⃗d 2,3

M1

M2

M3







Predicted masses



Symbolic regression



Symbolic regression
• We select a dataset of 500 data points, not used 

during training. 

• Each point contains  (masses and 
distance for a pair of points) as inputs.

• It also contains  the learned interaction 
as output.

x = (vrk
, vsk

, ⃗e k)

y = ⃗fGN(x)



Symbolic Regression
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Symbolic regression
• The algorithm applies Occam’s Razor by balancing 

accuracy and equation complexity. 

• It does so by calculating a “score”

Score =
δ Accuracy

δ Complexity

• We are currently working in a more sophisticated 
Occam’s razor method



Symbolic regression

• Out loss is an MSE between  and the 
proposed equation .

• The allowed operators are 
.

• The maximum complexity is 40.

⃗fGN(x)
⃗fSR(x, θ)

{+, − , /, * ,pow, log, exp}
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Predicted equations



Predicted equations
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Final results



1. Positions

2. Distances

3. Mass guess

4. Force guess

5. Predicted acceleration

6. Minimize 
⃗a (pred) − ⃗a (true)

2

⃗
F 1,2

=
ϕ(

⃗
d 1,2

; v 1;
v 2) ⃗F

1,3 =
ϕ(

⃗d
1,3 ; v

1 ; v
3 )

M2, ⃗a 2

⃗F 2,3 = ϕ( ⃗d 2,3; v2; v3)
M3, ⃗a 3

M1, ⃗a 1

Learned 
equation
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Fig. 4C: Graph network + symbolic regression + relearned masses
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Predicted equations
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Equivalence principle: Your movement does not depend on your own mass

= Masses can only be measured from their influence on other bodies







Future work



Find missing/hidden bodies



Recovering GR



Learning the Universe



Learning the Universe
The entire history of the Universe, 
from Inflation until now, is fully 
described by 6 parameters:

• Baryon Density: 

• Matter Density: 

• Hubble Constant: 

• Two inflation Parameters: 

• Optical Depth: 

Ωb

Ωm

H0

ns, As

τ



Learning the Universe

ℒ ≡ P(D |θ, M)



Learning the Universe

Villaescusa-Navarro et al.  
CAMELS simulations



SIMulation Based Inference 
of Galaxies (SIMBIG)



SIMulation Based Inference 
of Galaxies (SIMBIG)



Learning the Universe

Villaescusa-Navarro et al.  
CAMELS simulations

θ = {Ωm, Ωb, H0, As, ns, τ}



Learning the Universe

Work in progress, led by Lucas Makinen (Imperial) in collaboration with PL, Alan 
Heavens (Imperial), Natalia Porqueres (Imperial) & Benjamin Wandelt (IAP, Paris). 



- We use graph neural networks and 
symbolic regression on 30 years of 
Solar System data.

- Our algorithm learns the correct 
equation for Newtonian gravity, and 
the masses of the planets and moons, 
directly from the data. 

- This is only possible thanks to using 
inductive biases, and other prior 
knowledge.

- This shows that AI can be used to 
automate scientific discovery.

Summary

DeepMind graph nets library




