Speeding-up the search for anomalies
in ZTF times series with interpretable
machine learning
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Why do we care about anomalies ?

Anomalies are at the source of many serendipitous discoveries
Larger dataset = new discoveries

Some challenges :

~ Normal behavior may be not known
* Usually in large data sets = Unsupervised learning, fast algorithms.

Interpreting the underlying behavior/properties of anomalous data
* Field expert knowledge needed (here : mostly astronomy)

How to help the expert ?
* Find anomalies
e Understand Machine decision

* Find more interesting anomalies
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/TF DR23 dataset

804203300030715

* Selection of 720 Million Light-Curves
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Isolation Forest

Explainable by desgin
* Random Tree:

- Select a feature + a threshold randomly
= Partition the sample and repeat until only 1 sample left in the partition
- Shallow in the tree means outlier

* Random Forest: Average on T trees (proxy for local density)
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Isolation Forest for ZTF DR23

* Isolation Forest run through

Coniferest Package (Kornilov 2025)
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Census of outliers...

Scanning takes human (expert) time !

— Budget of 200 objects
Most of them are Miras
— Lack of diversity !
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magnitude

Census of outliers...

200 A

* Scanning takes human (expert) time !

— Budget of 200 objects
- Most of them are Miras
— Lack of diversity !
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Explainable machine learning

A system that produces details or reasons
To makes its functioning clear or easy to understand
fOl‘ humans (Barredo Arrieta 2020)

In practice:
feature importance

* Popular choices: * What we would like:
~ Model-agnostic methods ~ Simple and fast
* Probe the model from outside - Fastand accurate

— No hyperparameters

~ Computationally costly — Sub-Linear in features

— Prone to instability

* SHAP — Local measure
- CGlobal measure * Explaning individual anomalies
= Scales poorly with features S del
* LIME urrogate mo e |
~ Local measure * Approximates well Isolation
- Surrogate model Forest scoring for ALL data
— Depends on hyperparameters - MOdEI-SpECiﬁC method
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The Signature method «c .

* What does a given feature brings to the score ?

Depth 1 Depth 2 Depth 3
Depth 0 /< ><
| 1024 | Feature 12 < Feature 37

E[Score]= 13.0

= o 2050
T E[Score]= 13.1

— Average on aIl trees Feature 12 =- 0.8 Feature 32=+0.9  Feature 37 =-10.1

Feature 32

[Score]: 12.2

2 )

Score= 3
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https://link.springer.com/chapter/10.1007/978-3-032-02232-5_15

Signature, Visualization and Interpretation for
/TF
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Positive values

— Nominals

Training time : 10 min
Scoring time : 10 min
Signature time : 30 min
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Signature

Signatures are specific to outlier classes

Signatures compared to Mira average signature
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Can we leverage signatures to find more interesting
anomalies ?
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# data

— Active Learning

Machine would learn better if a few labels were known
— iterative knowledge improvement

With Human-in-the-loop
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Feature selection

Example task:
What is the best feature set to find
Non-Miras, non-artefacts ?

Signatures as a surrogate model
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Procedure:
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N found

. Training time : 10 min
Feature Selection  scoringtime: 10min

Signature time : 30 min
Retraining time : 1 min
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N found

Feature Selection

Passive: 5 objects Active : 26 objects
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Training time : 10 min

DlverS|ty SearCh Scoring time : 10 min

Signature time : 30 min

Searching for unknown unknowns ! Iteration time : 1 min
* Leverage distances in { W
I (8 iy ape Dep Th g5
SIgnature space s\g E@g; " o i
o A5 % 04
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magnitude

magnitude

Diversity search

Searching for unknown unknowns !
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Diversity search

Searching for unknown unknowns !
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Some rare events
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Take-aways

Anomalies are not unique...
They depend on expert ineterst «+ Humans are involved

Finding outliers is not the bottleneck
Lack of labels — how to minimize expert time in labeling data ?
Interpretability is key to bridge Al and human expertise

1325

— Fast Data mining b

- Model-specific, Domain agnostic @ SVNAD

Anomaly signature is a metric for feature importance tuned for anomalies

- Diversity of use cases :
— Visualization

— Feature selection

Works for ANY numerical tabular data
— and YOU ? https://snad.space

https://github.com/snad-space/coniferest
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