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other people of astronomical all get numbers

Traditional Symbolic Regression

17



MultiView Symbolic Regression

18



DATA SETS
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DATA SETS
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DATA SETS
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f(X) = C1 X + C2
Common equation
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Multiview Symbolic Regression (MvSR)
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Multiview Symbolic Regression (MvSR)

Avantages:

→ Computation is performed only once

→ Densest way of performing regression

→ Protection against over fitting

→ Offers interpretable results
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MvSR code built from the python module GPlearn : https://gplearn.readthedocs.io/en/stable/
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Multiview Symbolic Regression (MvSR)

Smart error computation :
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Bayesian Information 
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Toy data application
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   |   Population Average    |             Best Individual              |
---- ------------------------- ------------------------------------------ ----------
 Gen   Length          Fitness   Length          Fitness      Time Left
   0    20.97          4756.33        6          1832.67            13.21s
   1    15.13           7985.6        4          1832.67             6.26s
   2     5.83          2307.86        8          1832.67             2.81s
   3     4.63          2208.34        4          1832.67             2.01s
   4     4.30          2116.88        4          1832.67             2.15s
   5     4.47          2280.56        6          13.7427             1.85s
   6     4.77          2202.58        6          13.7427             1.22s
   7     6.43          1160.55        6          13.7427             0.82s
   8     5.73          1727.43        6          13.7427             0.44s
   9     5.70          7197.51        6          13.7427             0.00s
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Data generated from the relativistic 
mass equation :
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Data generated from the relativistic 
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Real data application
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SNAD 160

https://ztf.snad.space/dr8/view/821207100004043
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SNAD 160

https://ztf.snad.space/dr8/view/821207100004043
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SNAD 160

https://ztf.snad.space/dr8/view/821207100004043
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Apply the equation on a different light curve !

SNAD 161

https://ztf.snad.space/dr8/view/791211100013499
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Apply the equation on a different light curve !

SNAD 120

https://ztf.snad.space/dr8/view/791211100013499

40



Conclusion

- Method shows great first results on :
- Toy data

- Real astrophysical examples

-  Drawbacks : 
- Computation time can explode

- Some data might never converge

- Future applications :
- Implementation in a more efficient way

- Feature extraction of light curves (to be continued tomorrow)

- Lightcurve prediction
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Thank you for your attention
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Extra slides
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Bump function

Used to compute color for an 
AGN classifier within the broker 
Fink 
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Data generated from Coulomb law:
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Data generated from Coulomb law:
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Trying to recover NFW 
equation from simulation :

NFW :

SIMULATION DATA

MvSR
attempt :
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Trying to recover NFW 
equation from simulation :

NFW :

MvSR
attempt 
(1 parameter):


