- ) - e W
PR CREERE St SO L0
G - ‘ \
. - % -
? v, R > e ~ . ~ T ~
» - » o ~. 3 -
. S . . ~ -
u 4 O - o N e A G &
\ 9 A “ " g::. e, | -
v AN WA ’ a R
Y /
N N, 3 -
: N N, . 4 &
' ‘ i NG - %
v aw A L Y
Vv N A a5 4 LW

I\-‘t*

s \1 . .
P o ARV
5

(Some)
Data smencémﬁ% ‘
Cha"enges



 LIGHTS ALL ASKEW,

Men of Science More or Less
Agog Over Results of Eclipse
Observations.

EINSTEIN THEORY TRIUMPHS

Stars Not Where They Seemed
or Were Calculated to be,
but Nobody Need Worry.

A BOOK FOR 12 WISE MEN

No More in All the World Could
Comprehend It, Said Einsteln When
His Daring Publishers Accepted It.




Tensor
100

Tensorflow
75 | =

11
sof ...it must be nice to ride l

- through these fields upon the
horse of true mathematics

. .awhile the like of us have to
make our way laboriously on
foot.

7

or 2009 1Jul 2014

- Albert Einstein
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https://www.skatelescope.org/

MeerKAT




. MeerKAT 2018



Machine Learning
against infinity
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Science & Environment

AAAS: Machine learning 'causing science
crisis’

By Pallab Ghosh
Science correspondent, BBC News, Washington

) 16 February 2019 f ® V¥ [ <« Share

AAAS meeting

Machine-learning techniques used by
thousands of scientists to analyse data are
producing results that are misleading and often
completely wrong.



‘ ‘ The most remarkable discovery

ever made by scientists
was science itself , ,

Nadeem Oazeer Jacob Bronowski



Flags in "quiet" part of the band
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Better than Human

Proportion favorable dedisions
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FRI

FRI

FRII

When is simulated or
generated data good
enough?

FRI

FRI

FRIl




What do we do when human experts are not
good enough?

Training on human-labelled data or on simulations inevitably leads to
contamination

— A “new” source of systematic human Training Error
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Decision Boundaries are not very useful when
you have test set errors
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Anomaly Detection
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A siple (hierarchical) model

¢ This hierarchical model can be expressed as a { e N
product of terms, each of which we can easily ! {
compute.

Plride, ve) o« | dygP(dosion i)
Which becomes {product rule)

P(7|do,yo) < | dyeP(do, Yolye, )P (ye|T) P(T)

P(Tldm yo) X /dytp(dolyanta T)P(yolytaT)P(ytlr)P(T)

P(rlday) o [ dyaP(a.,lm,r)hyolyt,T)P(ytlr)P(r)

What we had before.. Ethan Robert, Michelle Lochner, BB — arxiv: 1902.08627
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https://www.skatelescope.org/

The need to go beyond traditional
machine learning
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Impact of Pointing Errors

True Sky Recovered sky Difference Map




Lochner et al 2014
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We need to have full control of errors

e Need to propagate the full probability distributions through complex pipelines
e Currently done in cosmology using MCMC

How do we do this properly and efficiently:
(a) with ML and

(b) in very high dimensions?



Anomaly Detection
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Is there an optimal anomaly detection algorithm for astronomically-realistic objects?



Marginalising over all possible forms of intelligence,
what ET signals should we be looking for?



\\\[/77

%,

§\\\‘ I

AN

e

ralY
EAS SKA AFRICA ﬂ UNIVERSITT'OF CAP[TOWN

SQUARE KILOMETRE ARRAY




