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Large Sky Surveys 2020-

Large Synoptic Survey Telescope
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The Square Kilometre Array
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“The SKA is as much a supercomputing system as
it is a telescope. It will require supercomputers

faster than any in existence in 2016, and network
technology that will generate data traffic at a
comparable level to the entire current Internet.”
- Rob Adam in “SKA and Big Data”
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around a room with a young boy is holdinga acow is standing in the middle of a street
remotes baseball bat logprob: -8.84

logprob: -9.17 logprob: -7.61
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14 classes (data from PLAsSTICC challenge https://plasticc.org )
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‘DISCOVERS' THAT EARTH

ORBITS THE SUN

Neural network that teaches itself the laws of physics
could help to solve quantum-mechanics mysteries.

By Davide Castelvecchi

stronomers took centuries to figure
it out. But now, amachine-learning
algorithm inspired by the brain has
worked out that it should place the
Sunatthe centre of the Solar System,
onthebasis of how movements of the Sunand
Mars appear from Earth. The feat is one the
firsttestsofatechnique thatresearchers hope

they can use to discover new laws of physics,
and perhaps to reformulate quantum mechan-
ics, by finding patternsinlarge datasets. The
resultsare due to appear in Physical Review Let-
ters (R.Iten et al. Phys. Rev. Lett.; in the press).

Physicist Renato Rennerat the Swiss Federal
Institute of Technology (ETH) in Zurichand his
collaborators wanted to design an algorithm
that could distillarge datasets downintoafew
basicformulae, mimicking how physicists come

2019.11 8 Nature MEEH
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