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Abstract

The Legacy Survey of Space and Time (LSST) will generate a massive collection of
time series (light curves) of the measured flux of transient and variable astronomical
objects and classification metadata. Each new observation of a detected source
will lead to an updated probability distribution over candidate classes, which
will then be provided to the global community for the purpose of identifying
interesting targets for prompt follow-up observations as well as less time-sensitive
analyses. Using the synthetic light curves and classification results from the
Extended LSST Astronomical Time-series Classification Challenge (ELAsTiCC),
we propose a novel framework to enhance existing classifiers by incorporating
the temporal evolution of their historical classifications. To demonstrate this, we
investigate a new classifier that combines a Long Short-Term Memory and an
additive attention module. The new classifier shows higher classification accuracy
and more balanced precision-recall performance across all classes compared to
existing classifiers in the challenge. We also propose new performance metrics
that can better evaluate the model’s classification stability and early classification
ability with partial observations. This offers a more comprehensive perspective
for model assessment by supplementing classical methods such as the confusion
matrix and precision-recall.

1 Introduction

The Legacy Survey of Space and Time (LSST) [1] on the Vera C. Rubin Observatory will repeatedly
scan the night sky for ten years and generate time series (light curves) of measured flux observed
in six passbands for detected transient and variable objects [2, 3]. Accurate, reliable, and timely
classification of these light curves is necessary so that scientists worldwide can select specific targets
of interest and conduct detailed follow-up observations.
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Existing classifiers either directly use the raw time series, as light curves or images, for deep learning
models [4, 5, 6, 7] or extract informative features for training other machine learning models such
as random forest or boosted decision trees [8, 9, 10, 11]. The typical classification scheme can be
characterized as follows: Whenever a new observation of a detected variable or transient object
is made, the classifiers refit the enlarged full light curve and update the classification PMF. Such
classification approaches ignore the entire historical classification results with partial light curves,
which may contain important features that can help us further differentiate easily-confused object
types and rectify systematic bias from the final classification results.

Using the synthetic data and participating classifiers from the Extended LSST Astronomical Time-
series Classification Challenge (ELAsTiCC) [12], we propose a new model based on Long Short-
Term Memory [13] and an additive attention mechanism [14] to improve the existing classifiers by
incorporating both the raw light curves and the classifiers’ historical classifications. We evaluate
the new model by selecting three representative classifiers from ELAsTiCC, focusing on the five
common supernova classes. The new models show higher classification accuracy and much more
balanced precision-recall performance compared with all selected classifiers.

As for model evaluation, while we have classifications for each new observation, most, if not all, of
the existing classifiers are mainly evaluated by the final classification probabilities obtained with full
light curves using classical metrics like the precision-recall, accuracy, and confusion matrix. Such
measures fail to evaluate the model’s early classification performance and classification stability,
which can be crucial for quick identification of objects of interest and reliable follow-up decision-
making. To address such limitations, we propose two novel Early-Stable Classification Metrics based
on Wasserstein distances between classification PMFs and the temporal evolution of the classification
PMFs. We demonstrate some potential applications of the metrics by applying them to both the new
and baseline models.

2 Dataset and Analysis Set-up

Synthetic data and classifications are obtained from the ELAsTiCC2 challenge, which contains
simulated light curves that mimic the real LSST observation scheme for 4.1 million transient and
variable stars [12]. More detailed documentation on the data generation, classification taxonomy,
and original training data can be found in [12]. We select the five common supernova classes from
the original 25 classes of objects, including SN Ia, SN Ib/c, SN II, SN Iax, and SN 91bg. Four alert
brokers, which are automated software systems and classifiers designed to process, characterize, and
prioritize alerts from the LSST and other surveys for follow-up, participated in ELAsTiCC2, including
ALeRCE [11], Pitt-Google [15], ANTARES [10], and AMPEL [16]. We chose three representative
classifiers with relatively high classification coverage and reasonably good classification performance
compared with the remaining candidates. Due to anonymity requirements, we cannot provide
identification information for the classifiers and simply refer to them as classifiers A, B, and C, where
classifiers A and B are from the same alert broker and classifier C is from another group.

Since classifiers only made classifications on a subset of detected sources due to the different
classification scheme chosen by classifiers, we only include objects for which the classifier made a
valid classification. For each object, we have a time series of synthetic flux, classification PMFs over
the five classes, and observation timestamps. Other features, including the corresponding passband of
the flux and flux-to-error ratio, will not be used for modeling. Classifier C has different coverage than
that of classifiers A and B, resulting in classifications on a different set of objects. The number of
observations per object ranges from a few to more than a thousand. To enable the study of temporal
evolutions and to prevent objects in the same training batch from differing drastically in length, we
only select objects with at least 15 classifications and apply truncation with a maximum length of
100. One could use different lower and upper cuts for a more holistic view.

For most objects, observations are irregularly spaced, including some with large gaps with no
measurements, due to the survey’s observation plan. To account for the highly irregular time series,
we compute four absolute and relative time encodings based on the observation history for each
object: the raw timestamps, time since the first classification, time since the previous classification,
and time to the next classification. These time encodings are normalized to the range [0, 1] and
directly concatenated to the existing time series. The resulting data take the form of a 10-dimensional
multivariate time series, with five channels of classification probabilities, one channel for the raw flux,
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and four time encoding channels at each timestamp. We use these multivariate time series directly
without further feature extraction or augmentation, aiming to retain the full raw information.

3 Methods

3.1 Model Architecture

We propose a three-stage model that combines a recurrent network and attention mechanisms. In
the first stage, the varying-length multivariate time series of raw flux, classification PMFs, and
time encodings are preprocessed through masking and padding per batch. The inputs are fed into
a single-layer LSTM with the standard implementation by PyTorch [17], generating hidden state
representations per timestamp that encode temporal dependencies across the observations. For the
second stage, we apply an additive attention mechanism to the sequence of hidden states, allowing
the model to selectively weights the importance of different time steps and aggregate them for
the final classifications. Instead of using the more standard dot-product attention [18], we use an
additive attention mechanism (Bahdanau attention) [14], which computes the scoring functions using
a feed-forward network with a single hidden layer and a nonlinear tanh activation function. The
main goal is to capture non-linear and more complicated relationships among hidden states. Finally,
the attention-weighted hidden states are passed through three-layer fully connected networks with
ReLU activation to produce the final classifications.

We acknowledge that the combination of standard LSTM and an additive attention does not represent
the state-of-the-art models handling irregular time series. More advanced approaches ([6, 19, 7])
have been developed for irregular temporal data. However, the primary goal of our work is not to
propose a novel model architecture, but rather to demonstrate the value of incorporating historical
classifications into light curve classification. Future work could explore integrating our approach
with more advanced architectures.

3.2 New Metric for Model Evaluation

We propose two performance metrics that take into account classification accuracy, stability, and early
classification performance with the 1-Wasserstein distance ([20, 21, 22]) for stability quantification.
We name the two metrics as Early-Stable Classification Fraction (ESC-f) and the Early-Stable
Classification Score (ESC-s). We define the Early-Stable Classification Fraction (ESC-f) as follows:

Definition 1 (Early-Stable Classification Fraction) Given a sequence of classification PMFs for a
n-class classification task, {pt}Tt=1, where T is the total number of observations, the classification
converges (ϵ, ρ, k)-fast with convergence time τ , 1 ≤ τ ≤ T , if both conditions are satisfied:

Stability Condition: There exist k consecutive observations, k ≤ T and k ≥ 2, such that

W1(pi, pi+1) ≤ ϵ ∀i ∈ {τ − k + 1, t− k + 2, . . . , τ − 1},

for some fixed ϵ ∈ (0, 1) and W1(·, ·) is the 1-Wasserstein distance computed for the two PMFs with
a cost matrix that is selected to have a unit cost of moving unit mass between any distinct classes.

Accuracy Condition:

pi,∗ ≥ ρ ∀i ∈ {τ − k + 1, t− k + 2, . . . , τ},

for some fixed ρ ∈ (0, 1), where pi,∗ denotes the classification probability for the true class at time i.
Then, we define the Early-Stable Classification Fraction (ESC-f) for the object as:

ESCf = τ/T if converged, or 1 otherwise (1)

Ideal classifiers should have a higher proportion of objects that converged per class and a smaller
convergence fraction per object. We purposefully select the cost matrix to have a unit transport cost
of moving a unit mass between classes for standardization. Thus, for randomly generated PMFs, the
Wasserstein distances are between [0, 1]. Choices for ϵ could be 0.05 for a stricter requirement and
0.1 for a relatively relaxed tolerance. The choice of ρ and k is more application-specific, with larger
values corresponding to stricter requirements.

As for the Early-Stable Classification Score (ESC-s), we define it as follows:
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Figure 1: The comparisons between the baseline (upper) and new (bottom) models for classifier A
and C. The confusion matrix is normalized per row and annotated with average absolute counts. The
new models show improvements in overall accuracy and more balanced precision-recall.

Definition 2 (Early-Stable Classification Score) For the same sequence defined above {pt}Tt=1, we
define a weight function w : [0, 1] → [0, 1]. Then, we have:

ESCs = − 1

Z · (T − 1)

T∑
t=2

w

(
t

T

)
·W1(pt−1, pt) · ln(pt,∗), (2)

where Z =
∑T

t=2 w(
t
T ) · W1(pt−1, pt) is the sum of weights for normalization and pt,∗ is the

classification probability for the true class at time t.

4 Experiments and Results

The proposed model is implemented with PyTorch and trained with a cross-entropy loss and an Adam
optimizer [17, 23]. We fixed the hyperparameters to 256 hidden state dimensions for the single-layer
LSTM and 64 dimensions for the additive attention module. A dropout of 0.4 is used for the final
classification layers. We apply a 70-30 train-test split, and 30% of the training set is held out as the
validation set. Models were trained for up to 200 epochs with early stopping (patience=20) based
on classification accuracy on the validation set. The final model was selected to be the one with the
highest validation accuracy. As for the baseline model, the classification results on the test set are
obtained by using the most recent classification PMFs for each object, with the final label assigned
to be the class with the highest classification probability. To ensure a more robust comparison, we
repeated the training process 10 times using different random seeds for the train-test split. All reported
evaluation metrics and confusion matrices represent the mean values across these 10 iterations, with
± 1 standard deviation.

In Table 1, the new models outperform the baseline models across all three classifiers in terms
of accuracy, weighted precision, and F1 score. For classifiers A and B, the new models achieve
accuracy improvements of around 2% and 4.5% over the baseline, respectively. The new model
shows a more substantial improvement in accuracy on classifier C, with accuracy increasing from
0.751 (baseline) to 0.871 (new). We next examine per-class performance with confusion matrices
presented in Figure 1. Since classifier B originates from the same alert broker as classifier A and
exhibits similar characteristics, we mainly focus on classifiers A and C. For the baseline classifier A,
we observe higher recall for SN Ia and SN II, with relatively lower recall for SN Ib/c and SN 91bg,
and substantially poorer performance for SN Iax. While the two minority classes achieve relatively
high precision, their recall remains low. The new model improves recall across all classes, with a
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Table 1: Comparisons of Classical and Early-Stable Classification Metrics
Models

Metric Classifier Baseline New

Accuracy
A 0.894 ± 0.00059 0.913 ± 0.0015
B 0.869 ± 0.0066 0.914 ± 0.00098
C 0.751 ± 0.0014 0.871 ± 0.0012

Weighted
Precision

A 0.891 ± 0.00071 0.911 ± 0.0017
B 0.886 ± 0.0066 0.913 ± 0.001
C 0.820 ± 0.0013 0.869 ± 0.0013

Weighted
F1 Score

A 0.888 ± 0.00058 0.911 ± 0.0015
B 0.874 ± 0.0015 0.913 ± 0.001
C 0.777 ± 0.0013 0.868 ± 0.0013

Convergence
Proportion

A 0.828 ± 0.001 0.873 ± 0.0016
B 0.792 ± 0.0017 0.872 ± 0.0031
C 0.398 ± 0.0016 0.751 ± 0.0048

Early-Stable
Classification Fraction

A 0.483 ± 0.00073 0.451 ± 0.0076
B 0.618 ± 0.00078 0.474 ± 0.011
C 0.843 ± 0.00077 0.655 ± 0.0093

small reduction for SN II. However, despite achieving a higher overall recall, the baseline classifier A
exhibits a substantial false positive rate for SN II, misclassifying 28.9% of SN Ia objects and 4.4% of
SN Ib/c objects as SN II, which makes it the dominant misclassification for both majority classes.
Such poor precision poses practical concerns, potentially leading to misallocation of observational
resources and undermining the model’s reliability in real-world applications. The proposed model
effectively addresses these limitations, achieving an improved recall-precision trade-off that enhances
overall recall without substantial loss of precision.

For classifier C, the baseline model exhibits relatively poorer baseline performance compared to
classifiers A and B. The recall is more uniform across all classes, including the two minority classes.
The proposed model improves or maintains recall for all majority classes (with SN Ib/c remaining
unchanged), achieving gains of approximately 20 and 10 percentage points for SN Ia and SN II,
respectively, while maintaining satisfactory precision. In contrast, recall for both minority classes
decreases under the proposed model. However, this follows the same recall-precision trade-off,
analogous to the SN II behavior observed in classifier A. More specifically, while the baseline
classifier C achieves 66.2% recall (533 true positives) for SN Iax, the cost is 4,965 false positives,
making the high recall practically meaningless due to severely degraded precision. The high recall
becomes less meaningful under such low precision. A similar pattern is observed in the SN 91bg class,
which has 452 true positives but incurs 903 false positives. The new model substantially reduces the
number of false positives and achieves a more balanced precision-recall performance.

As for the assessment with the new metrics, the convergence parameters are fixed at ϵ = 0.1, ρ =
0.5, k = 5 for all evaluations. For baseline models, we directly use the existing historical classification
PMFs for evaluation. For the new models, we construct classification histories of test objects through
a sequential truncation procedure: for each time step t ∈ {2, . . . , T}, we truncate the input time
series of classification PMFs and raw flux to the first t observations and apply the model to obtain
the classification PMF at time t. This yields a complete temporal sequence of classification PMFs
for each object. For each object class, we compute the proportion of objects achieving convergence
under the specified criteria and the mean ESC-f across all objects within the class. These class-level
metrics are then aggregated via a weighted average, with weights proportional to class sample sizes.
We summarize the results in Table 1 for the classifiers A, B, and C and all three model types. As
shown in Table 1, the proposed model achieves higher convergence proportions compared to the
baseline models. The improvements range from approximately 5% – 8% for classifiers A and B,
and a substantial 35% for classifier C, indicating that the new model yields more objects with stable
classifications under the accuracy threshold ρ = 0.5. As suggested by the Early-Stable Classification
fractions, the new model achieves stable and accurate classifications at earlier stages of the observation
compared with the baseline models. The improvement is relatively small for classifier A and more
substantial for classifiers B and C.
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