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W e introduce a novel approach that extends the
Minimax Entropy (MME) algorithm for the

multiband photometric light curve classification of
supernovae. We assess the performance of our classifier
based on the number of objects provided during training,
the number of observations during prediction, and the
multiband capabilities of the top candidates. Our results
demonstrate the effectiveness of our method in the early
classification of Zwicky Transient Facility (ZTF) transients.
In this work, we utilize two datasets: transients obtained

through the ALeRCE broker with forced photometry from
ZTF and synthetic light curves (SLC). Both datasets include
fluxes for type Ia, II, Ibc, and super-luminous supernovae
in the g band (∼ 464 nm) and r band (∼ 658 nm), along with
temporal information regarding the first alert per object.
We defined two sets of experiments: a fine-tuning strategy

that involves taking a deep learning model previously
trainedwith SLC data and further training it using a smaller
labeled set from the ZTF sample, and a domain adaptation
experiment through Minimax Entropy (Saito et al., 2019).
This experiment utilized the full simulated dataset, a small
number of labeled items from the ZTF sample, and an
unlabeled dataset comprising the remaining ZTF objects.
We optimized the model parameters via a two-term loss
function:

ℒ = 𝐻(𝑦𝑠, 𝑦̂𝑠) + 𝜆𝐻(𝑦̂𝑢) (1)

Here, the first term represents the cross-entropy loss
between the true and predicted values, and the second term
denotes the entropy of the predicted labels for the unlabeled
dataset.
The results for various sequential models (Muthukrishna

et al., 2019; Bai et al., 2018; Astorga et al., 2023) on the
15th day after the trigger, sorted by ZTF objects delivered
during training, are presented in Table 1. The Temporal
Convolutional Network (TCN) proves to be the most
suitable for classification, outperforming the Recursive

Table 1. Metric score, 15th day after the first alert.

Shots Train F1-Score(%)
RNN TCN TLC

1 FT 49±8 52±2 39±7
MME 49±7 54±7 27±4

5 FT 50±5 51±4 44±5
MME 49±7 55±3 41±5

10 FT 49±6 55±3 46±4
MME 54±6 55±5 36±7

15 FT 52±5 53±3 44±7
MME 55±2 51±7 37±5

20 FT 44±4 51±7 40±2
MME 50±7 50±6 38±2

Neural Network (RNN) and the Transformer (TLC). The
MME algorithm is the most effective, requiring only five
ZTF objects per class during training, surpassing fine-
tuning (FT), which needs a minimum of ten objects. When
evaluating the top TCN clasiffiers on the SLC dataset
on the 15th day after the trigger, MME achieves 52±3%,
outperformingFT (51±3%) and remaining competitivewith
the fully-trained TCN on SLC data (55±1%).
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