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Vera C. Rubin Observatory



The Square Kilometre Array

SKA1-mid SKA1-low

the SKAs mid-frequency instrument the SKAs low-frequency instrument
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MeerKAT




Harvard Business Review
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Machine Learning




Supervised Machine Learning

Automatically learns @
model to map inputs to
outputs, using a training
set.

https://towardsdatascience.com



Anomaly Detection




Known Unknowns - rare events
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Unknown Unknowns - new anomalies
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How do we discover new phenomena...

..among 10 million possibilities?




Anomaly Detectjon

The farther away
from normal the
higher the

Try to learn
anomaly score

what “normal” is




Anomaly Detection Algorithms

Local Outlier Factor

(Breunig et al; 2008)

Isolation Forest (Liu,

Ting & Zhou; 2008)




Anomaly Detection Algorithms

0 « TypeO
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% Outlier

DRAMA (Vafaei Sadr, Bassett
& Kunz - 1909.04060)
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BADAC (Roberts, Bassett &
Lochner - 1902.08627)




Anomaly Detection Isn’t Enough

Artefacts




Active Learning

www.clickworker.com



Astronomaly

® 127.0.0.1:5000

Data ‘ ANOMALY SCORING VISUALISATIC

- Metadata
' filename: /home/michelle/BigData/Anomaly/

S S Class6.1: 1
R score: 4.7

‘ human_label: 5

Feature
Extraction

Features

Residual_90: 1.21
Residual_80: 7.24
Residual_70: 5.46
Residual_60: 11.6

Anoma'y ——s
Detection

Y

Human
Labeling i 2 : &1

= |
e — |
Rew anomaly score Show unlabelled objects first DELETE LABELS RETRAIN
 / / ethod to sot

HOW INTERESTING IS THIS OBJECT?

N&

Improved | " Lochner and Bassett (2020) -
Detection

https://github.com/MichelleLochner/astronomaly




Astronomaly

Galaxy Zoo - Random Examples

® 127.0.0.1:500

ANOMALY SCORING

Metadata

filename: /home/michelle/BigData/Anomaly/
Class6.1: 0.279

score: 0.0847

human_label: -1

Features

Residual_90: -0.364
Residual_80: -0.277
Residual_70: 0.299
Residual_60: -0.326
Residual_50: -0.529
Residual 0. -0428

HOW INTERESTING IS THIS OBJECT?

Random Show unlabelled objects first DELETE LABELS RETRAIN




Galaxy Zoo - No Active Learning

& Astronomaly

@ 127.0.0.1:5000

ANOMALY SCORING

Metadata

filename: /home/michelle/BigData/Anomaly/
Class6.1: 0.916

score: 5

human_label: 5

Features

Residual_90: 2.58
Residual_80: 23.2
Residual_70: 12.9
Residual_60: 8.1
Residual_50: 5.38
Residual _0:3.19

HOW INTERESTING IS THIS OBJECT?

Raw anomaly score Show unlabelled objects first DELETE LABELS RETRAIN




Galaxy Zoo - Active Learning

T3 Astronomaly

® 127.00.1:5

Y SCORING

Metadata

filename: /home/michelle/BigData/Anoma
Class6.1: 0.916

score: 5

human_label: 5

predicted_user_score: 4.61

Features

Residual_90: 2.58
Residual_80: 23.2
Residual_70: 12.9
Residual_60: 8.1
Residual_50: 5.38
Residual_ 0319

HOW INTERESTING IS THIS OBJECT?

Active learning score Show unlabelled objects first DELETE LABELS RETRAIN




Synthetic data

Anomaly Score: 0.270122

Norma

175

-30
-40 -30 -20 -10 0 10 20 30
Anomaly Score: 0.241527

Lochner and Bassett (2020)



Synthetic data

Anomaly Score: 3.112012

Anomalous

Anomaly Score: 1.303772

-40 -30 -20 -10 0 10 20 30

Lochner and Bassett (2020) Anomaly Score: 392992




Synthetic data - Random

B Astronomaly

® 127.0.0.1:5000

ANOMALY SCORING

Metadata

label: 0
score: 0.116
human_label: -1

Features

0:0.0141
1: 0.0159
2:0.0526
3:0.0713
4:-0.135
5. 0165

HOW INTERESTING IS THIS OBJECT?

Random Show unlabelled objects first




nthetic data - No active Learnin

]3 Astronomaly

® 127.0.0.1:5000

ANOMALY SCORING

Metadata

label: 3
score: 5
human_label: 0

Features

-0.0588
:-0.0968
:-0.0382
:-0.0401
:-0.0219
- -00431

HOW INTERESTING IS THIS OBJECT?

Raw anomaly score Show unlabelled objects first DELETE LABELS RETRAIN




nthetic data Learning

E Astronomaly

® 127.0.0.1:5000

ANOMALY SCORING

Metadata

label: 2

score: 3.9
human_label: 3
predicted_user_score: 3
trained_score: 2.38

Features

1.59
:1.25
:1.18
:1.19
:1.38
- 1.31

HOW INTERESTING IS THIS OBJECT?

Active learning score Show unlabelled objects first DELETE LABELS RETRAIN




Visualisation with Synthetic Data

Raw anomaly score Trained anomaly score




Anomalies in DECALS

Verlon Etsebeth (MSc student)




Deep Representation Learning
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Walmsley et al. (2021) 211012735



https://arxiv.org/abs/2110.12735

Anomalous Transients

Malema Ramonyai (MSc student) - g ',:‘2
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Astronomaly Applied to DWF

Antlia field clusters: Displayed using t-SNE

Webb et al. (2020) - 2008.04666



DWF102919.102-355133.303

DWF102938.901-345415.969

Astronomaly Applied to DWF

DWF103105.927-360744.003

Known

Known

0.04 0.06
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DWF102552.421-354418.436

DWEF Discovery
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eerKAT Data - Random Examples

T Astronomaly

ANOMALY SCORING

Metadata

original_image: J0216.3-4816_aFix_pol_|
x: 3.34e+03

y: 1.11e+03

ra: 33.3

dec: -48.5

Features

SEARCH BY COORDINATES (CDS)
SEARCH BY COORDINATES (DAS)
OPEN WITH LOCAL VIEWER

HOW INTERESTING IS THIS OBJECT?

Random Show unlabelled objects first DELETE LABELS TRAIN

MGCLS data from Knowles, K et al. (2021) 2111.05673



https://arxiv.org/abs/2111.05673

MeerKAT Data - Anomalies

& Astronomaly

ANOMALY SCORING

Metadata

original_image: Abell_85_aFix_pol_|_Farc
x: 2.05e+03

y: 1.65e+03

ra: 10.4

dec: -9.37

Features

Residual_90: 31.8
Residual_80: 6.63
Residual_70: 3.43
Residual_60: 6.55
Residual_50: 5.81
Residual_0:- 0874

SEARCH BY COORDINATES (CDS)
SEARCH BY COORDINATES (DAS)
OPEN WITH LOCAL VIEWER

HOW INTERESTING IS THIS OBJECT?

Active learning score Show unlabelled objects first DELETE LABELS TRAIN

MGCLS data from Knowles, K et al. (2021) 2111.05673



https://arxiv.org/abs/2111.05673

MeerKAT Galaxy Cluster Legacy Survey
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Knowles, K et al. (2021) 2111.05673


https://arxiv.org/abs/2111.05673

A genuine machine learning discovery
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Conclusions

Machine learning is critical in facing the data deluge
We need automated anomaly detection to ensure scientific
discoveries in datasets aren’t missed

Check out Astronomaly:

O  https://arxiv.org/abs/2010.11202
O https://qgithub.com/MichelleLochner/astronomaly

And the Supernova Foundation:

O  https//www.supernovafoundation.org/

drmichelle.lochner@gmail.com



https://arxiv.org/abs/2010.11202
https://github.com/MichelleLochner/astronomaly
https://www.supernovafoundation.org/

