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 Motivation

• Hierarchical classification is a better way of thinking about real time 
classification problems compared to flat classification

• Multi-modality naturally fits into a real-time classification framework and has 
obvious performance benefits

• We need to carefully consider workflows when deploying models on real 
alert streams
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*For illustrative purposes only

Transient?
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Supernova?

*For illustrative purposes only
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Type Ia?

Alert

Transient Variable

Fast TransientSN like

SN IISN Ib/cSN Ia

*For illustrative purposes only
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 The case for multi-modality

• Preferentially occur in 
galaxies that have active 
star formation

• Preferentially occur in 
low metallicity dwarf 
galaxies

• A large fraction of alerts 
occur in crowded fields 
with no obvious host

Core Collapse SN: Superluminous SN-I: Variable Stars:



2. Methods
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Oracle-2 
(RNN + MLP)
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Oracle-2 Omni 
(RNN + MLP + CNN)

Shah+26



 The Loss Function
Hierarchical Cross Entropy  (HXE) - Bertinetto et al. (2019)
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Sum over all layers of 
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 The Loss Function
Hierarchical Cross Entropy  (HXE) - Bertinetto et al. (2019)

LHXE(p, C) = −
h−1

∑
l=0

λ(C(l)) log p(C(l) |C(l+1))

where λ(C(l)) = exp(−αd(C))
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Level weight term



 The Loss Function
Weighted Hierarchical Cross Entropy (WHXE) - Villar et al. (2023)

LWHXE(p, C) = −
h−1

∑
l=0

W(C(l)) λ(C(l))  log p(C(l) |C(l+1))
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 The Loss Function

LWHXE(p, C) = −
h−1

∑
l=0

W(C(l)) λ(C(l))  log p(C(l) |C(l+1))
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where W(C(l)) ∝
1
Nc

Class weight term

Weighted Hierarchical Cross Entropy (WHXE) - Villar et al. (2023)
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3. Results for ZTF
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Oracle-2 Omni > Oracle-2 > Oracle-2 Lite

Shah+26



5. Real-time Deployment 
and Early Science  
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 Summary

• Adding multi-modal inputs can significantly improve performance, 
especially at early times, without adding any labelling cost

• Hierarchical classification gives us a way to build in astrophysical structure 
and taxonomies into the classification problem and can replace an entire 
ecosystem of classifiers with a single model
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 Thank you!
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Shah et al. (2025b)

Hierarchical Classification 

https://github.com/dev-ved30/Oracle

Shah et al (2026)

Multimodality

https://huggingface.co/collections/vedshah30/oracle



Questions?
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 Confusion matrices at 1 day 
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4. Results for LSST  
(using ELAsTiCC)
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Dataset

• Used ~500,000 simulated sources 
from the ELAsTiCC data set across 
19 classes.


• 70:30% split for training/testing. 
5% of the training data for left 
aside for validation.


• Combination of light curves and 
metadata.
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• Used ~15,000 transients and 
variables from ZTF organized across 
7 classes.


• 80%/10%/10% split for train/test/
validation.


• Combination of light curves, 
metadata, and images.

ELAsTiCC for LSST: ZTF:



Data Augmentation

• Since we want Oracle to classify observations in real time, we explicitly 
trained the model to classify partial light curves. 


• For the omni models, we add random rotations and flips to the images in 
order to promote rotational invariance and prevent overfitting. 
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Hyperparameters
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