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A DEEP LEARNING FRAMEWORK FOR ROBUST
AND TRANSPARENT COSMOLOGICAL INFERENCE-

Olga Fink




»
. .

. ) .
e e . ; ‘ R4 '
e . - . .

- 9
R ASSOCIATED WITH DEEP. LEARNING , " " ~. 73
g . o~ ; e - T B

PR PSRN ST

.

KR
-
- -
o
.
-
-
5
L



We need to build trust since ML does present an opportunity
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Astronomical algorithms can sufter badly from fine-tuning
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Not only do we need domain generalisation.
But empirical tests built in to our ML pipelines in order to
deliver trustworthy inference.

(-
-
-

-
N
p—

ek
N
)

(-
N
w

® Learnt domain

Predicted Cross-Section [cm?/g]

(-
=
N

I N S ® Unseen domain -
- l li l l ) l . ll -

C . MR : NN -
10~ 102 10~1 10"
True Cross-Section [cm?/g]




empirical tests
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Deep Compact Clustering for inference.
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Deep Compact Clustering for interpretation..
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Deep Compact Clustering for out-of-domain tests.
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Deep Compact Clustering for out-of-domain tests.
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The overlap of the projected latent space distance gives us a degree of
confidence that the model recognises the data it has been given.
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We need domain generalisation in order to build robust scientific inference.

But we also need empirical tests built in to our ML pipelines in order to deliver
trustworthy inference.

—— QOverlap

-==- Predicted opypg

N

)
-
p—t
-
.

NO
oy |
(-
-
o

Overlap / Confidence (%)
Predicted onv/m (Cm

-
-]
|

0-
BAHAMAS + BAHAMAS AGN + DARKSKIES-0 + DARKSKIES-0.2
Simulations




