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Broad areas (by type of data)

Optical astronomy

Images

Spectra

Time series

Radio, X-ray etc.

Gravitational waves

Neutrino



By area of astronomy

Transients

Detection

Classification

Variable stars

Solar System

Exoplanets



Tools

Decision trees

Random forests and variants

Convolutional Neural Networks

Variatioanal Auto Encoders

Transformers …

Always use the simplest
Do ample visualization
Check for overfitting



Optical images

SN Hunt, Galaxy Zoo

Zooniverse

ZARTH

Specialized projects close to domain expertise

ZTF - RB

ZTF - streaking asteroids

Roman (example dataset on GitHub)

Tools to build training samples

Citizen science possibilities



Bayesian CNNs Walmsley et al. 2020

Smooth/featured galaxy - first Q in Zooniverse DT

Bayesian Active Learning by Disagreement, BALD
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wget "https://irsa.ipac.caltech.edu/ibe/search/ztf/products/sci?   
POS=255.9302,11.8654&WHERE=obsjd>2458219.9678+AND+obsjd<2458228.8155+
      AND+infobits<33554432" -O out.tbl

Example Query 
using the APIs

Sky coverage and number of observation epochs in ZTF. 



ZTF



ACAI filters for Fritz
b, h, n, o, v







Training sample (True Positives and True Negatives)

~1500 TP and ~3000 FP used right now Roman Simulations



Out-of-the-box poor results

Issues with sample size, purity, normalization, …



Time series

Irregular

Large gaps

Heteroskedastic

Important tasks:

Classification

Period finding

Prediction 



Light curves (time series) are the primary currency
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Domain knowledge/subjectivity

Survey Differences: area, bands, cadence, depth, exposure, ...



Light curves are typically heteroscedastic, sparse, irregular
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Use the CNN hammern points n * (n-1)/2 points

RR Lyrae RS CVn LPV

Mahabal, Sheth et al.,
1709.06257

dmdt
images
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Hierarchical/stackable Classification Through 
Independent Binary Classifiers 

Since the classifiers are independent

no restrictions on p(sum)

In particular it may not be 1



Exoplanet candidates using TESS

Box Least Squares (BLS - Kovács et al. 2002) - box-like transits 

Transit Least-Squares (TLS - Hippke & Heller 2019) - shallow transits

Rao, Mahabal, et al. 2020
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Accuracy:  87.2%
Precision: 88.8%
Recall:       74.3%

HiRes/AO observations 
confirm non-binary

Nigraha: Exoplanet candidates using TESS
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Rao, Mahabal, et al. 2020



Classifying spectra

Regularly spaced

Complications like redshift

Examples:

ZTF SN Ia

ZTF all SN

Sasha’s project



SN Ia classifier (SEDM Spectra ⇒ TNS)

Dhawan et al. arXiv:2110.07256

C Fremling, 
D. Neill, Y 
Sharma, ...

High dropout RNN

<1% FPRs
10 minutes 
end-to-end

Fremling et al. 
arXiv:2104.12980



Yashvi Sharma

Spectra
- Smoothed and normalised
- Option to deredshift

1D light curves (g and r bands)
- Interpolated to fix length (200 days) 

using Gaussian process regression
- Converted to linear flux
- Kept photometry with SNR > 3
- Normalised

δm-δt representation
- 2D histogram created by taking 

pair-wise magnitude and time (phase) 
difference of interpolated LCs

- Normalised
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Combined model
★ For SN II vs. SN Ibc classification 

task 

○ With ‘only spectra’ channel, 79.4% of 
the gold test set gets classified with 
>0.98 scores, out of which 98.7% are 
accurate 

○ With ‘spectra+1D LC’, 82.8% of the 
gold test set gets classified with >0.98 
scores, out of which 98.0% are 
accurate

★ Expected real-time performance 
(TNS reporting)

○ 0.5% of true SNe Ia likely will get 
misclassified as CCSNe

○ 62% of true CCSNe expected to pass 
TNS reporting criteria, out of which 
94% will get correctly classified 27
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The Supernova Zoo

SEDM



Variational Auto Encoders Potential for science: immense

https://openai.com/blog/clip/

Contrastive Language-Image 
Pre-training (CLIP)
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Overview of VAEs
Basic concept
● Encoder maps data to latent space
● Decoder reconstructs data from latent space

Encoder and Decoder
● Encoder compresses data into latent variables
● Decoder reconstructs data from latent variables
● Uses variational inference for training



https://towardsdatascience.com/understanding-variational-
autoencoders-vaes-f70510919f73



Sedaghat, Mahabal 1710.01422



I1 = I0 ∗ φ1 + S1 + N1 
I2 = (I0 + It) ∗ φ2 + S2 + N2





Has to incorporate 
physical conditions like 
the PSF



In principle anything could be used for dimensionality 
reduction (encoding). But neural networks are superior.



Portillo et al. 2020 Application to SDSS spectra



Evidence lower bound (ELBO) is the objective function.
It is the sum of the reconstruction loss and the Kullback–Leibler (KL) 
divergence between the latent distribution for the input 𝑞(𝑧|𝑥) and the prior p(z)



AstroCLIP (Lanusse et al. 2023) uses images and 
spectra of galaxies 
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Outlier detection

local outlier factor (LOF) algorithm 
(Breunig et al. 2000) is used to identify 
outliers. The algorithm estimates the 
local density of each point by using k 
nearest neighbors and then identifies 
points with densities much lower than 
their neighbors' as outliers. 

Liang et al. 2023 find more interesting spectra in DESI using 
auto-encoders and normalizing flows

https://iopscience.iop.org/article/10.3847/1538-3881/ab9644#ajab9644bib6


Combination of Probabilistic Modeling and Neural Networks

VAEs merge two powerful concepts: probabilistic graphical models and deep 
learning. This combination allows VAEs to leverage the strengths of both worlds:

● Probabilistic Graphical Models: These models handle uncertainty and 
variability in data by modeling probability distributions.

● Deep Learning: Neural networks, particularly deep architectures, excel at 
learning complex patterns and representations from high-dimensional data.



Scalability and Flexibility

VAEs are scalable and flexible, making them applicable to various types of data:

● Different Data Types: VAEs have been adapted to handle images, text, 
audio, and more.

● Complex Architectures: Extensions like Convolutional VAEs (for images) 
and Recurrent VAEs (for sequences) allow VAEs to handle complex, 
high-dimensional data efficiently.



GW SKyNet: a real-time classifier for public gravitational-wave candidates

arXiv:2010.11829  Cabero, Mahabal, McIver

Retractions non-astrophysical

Can we identify these based on just public data?
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https://arxiv.org/abs/2010.11829


GW SkyNet Sky map: 90 x 180
Stacked volume: 90 x 180 x 3
detectors 3-bits (multihot encoding)
Posterior Mean Distance
Normalization factorsSkyMap

Detectors
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GWTC-2 the O3a catalog

4 Published GW
13 new
22 confirmed
7 retracted 

GWSkyNet verdict:
23 real
6 non-astrophysical

28/29 correct
no reals called bogus

45



Excellent performance

Does great! But WHY??

Abbott et al. 2011.04015

GW SKyNet-Multi



Raza et al. 2308.12357

O3 events



Perturbations Strong glitch predictors:
● Localization area of the 2D sky maps
● Computed coherence versus 

incoherence Bayes factors 

Strong real subclassifier:
● Estimated distance to the source

Note used:
●  Signal versus noise Bayes factors 

Helps us understand our models better

Better distributions needed for training!



Refined GWSkyNet part of LVK’s low latency pipeline
Chan et al. 2408.06491

Inputs

Misclassifications

The Fine-tuned model rejects 
>80% noise while capturing 
>93% astrophysical signals



Other

Neutrino

Cosmology

(graph neural networks)

(normalizing flows)



Interpretability and explainability

Post-hoc

Linardatos, 
Papastefanopoulos, 
Kotsiantis 2020

LIME: Local 
Interpretable 
Model-agnostic 
Explanations

SHAP: 
Shapley 
Additive 
Explanations

Fairness
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