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Abstract

Gravitational lenses are caused by massive bodies that distort space-time, bending
light. They can distort transients, such as Supernovae (SN), which are being studied
extensively. Gravitationally-lensed supernovae (LSN) are rare, so only a few have
been discovered. Future astronomical surveys will collect huge amounts of data,
calling for automated and accurate discovery techniques to find them. Still, only
a few works aim to discover LSN, most use only a few classes to characterize
candidate observations, and only a few exploit spatial and temporal information.
This work introduces AstroCountNet (ACoNet), an ensemble of multimodal neural
networks that takes in input spatio-temporal data and, for each observation, counts
the occurrences of 7 astronomical bodies. ACoNet achieves, on average, more
than 85% macro Fj score on four datasets. The network is then adapted into
AstroClassNet (AClaNet) to address classification problems, achieving macro F}
scores between ~ 59% and ~ 93%.

1 Introduction

Gravitational lensing is an astrophysical phenomenon that consists of the bending of light due to
massive bodies that distort space-time. It provides insights into the distribution and properties of dark
matter [1] and allows the study of transient phenomena [2]]. Transient phenomena are time-dependent
and last from milliseconds to years [3H3]]. Transient phenomena include, e.g., SN explosions and
pulsating stars, extreme phenomena that can give origin to new physical theories or models [[6]. The
study of gravitationally-lensed transients is an emerging field with applications in astronomy and
cosmology [7, 18]]. Their rareness and the abundance of data requires automated discovery [9].

This work proposes a novel approach that addresses two tasks: counting and classifying central and
off-central objects in multimodal data containing transient phenomena and gravitational lenses. We
use the DeepGravilLens (DGL) datasets [10L [11]], which contain spatio-temporal observations, each
comprising multiple astronomical bodies (stars, galaxies, SN and lensed galaxies) observed in the
griz electromagnetic field regions. For counting, the output is the number of bodies of each type in
each observation. For classification, the output is the body types in each observation.

Machine Learning and the Physical Sciences Workshop, NeurIPS 2024.



Several works look for gravitational lenses in unimodal data (e.g., images or tabular data) [12H17]], but
neglect the temporal component and do not account for lensed transients. The works in [[18}119,|10]
address this issue with multimodal neural networks that take in input spatio-temporal data. Still, they
are limited to a specific classification problem (i.e., classifying gravitational lenses and LSN) and are
not designed for counting nor for classifying other objects. Moreover, they focus only on the central
objects in images.

This paper presents AstroCountNet (ACoNet), the first architecture for counting and classify-
ing astronomical bodies in multimodal data comprising gravitational lenses and transients. The
contributions can be summarized as follows: (1) we introduce ACoNet, which takes in input
spatio-temporal astrophysical observations and outputs the counts for each astronomical body
in each observation, (2) demonstrate the effectiveness of soft-label and hard-label ordinal re-
gression over classification for counting astronomical bodies in the DGL datasets [10} [11]], and
(3) introduce AstroClassNet (AClaNet), which uses task adaptation to classify transients and
gravitational lenses. AClaNet obtains significant improvements compared to the classes ex-
tracted from ACoNet counts (up to =~ 11% macro F} score). The code is made available at
https://anonymous.4open.science/r/AstroNets-F84D/.

2 Datasets and method
2.1 Datasets
Table 1: The astronomical bodies of the four datasets and the possible count values for each of them

Star Galaxy SNIa SNCC Lensed galaxy LSNIa LSNCC
Count values 0,1,2 0,1,2 0,1 0,1 0,1 0,1 0,1

This work uses the four datasets introduced in DGL [[10] and DeepZipper [18, [19] (DESI-DOT,
LSST-wide, DES-deep and DES-wide), each simulating a cosmic survey with different characteristics.
Each dataset contains ~ 20,000 observations and is divided into a train set (=~ 70%), a validation set
(= 15%) and a test set (= 15%).

The inputs are astrophysical observations consisting of four 45 x 45-pixel images (one for each
band of the griz photometric system) and four brightness time series (one for each band of the griz
photometric system). The input samples can be labelled with multiple classes (i.e., astronomical
bodies), each associated with a count (i.e., the number of instances of that astronomical body in
the observation). The values of the count range from O to 2, as shown in Table|l| The datasets are
imbalanced with respect to the astronomical bodies (e.g., = 3% of each dataset contains a Supernova
of type Ia (SNIa)) and the respective counts (e.g., observations with 2 stars are less frequent than the
ones with 1 star).

2.2 Tasks, targets and outputs

This work addresses the tasks and search targets summarized in Table[2] Counting aims at determining
the number of instances of all the types of bodies and classification aims at determining the types of
bodies. The considered types of bodies are: star, SNla, Core-collapse supernova (SNCC), galaxy
and their lensed counterparts LSNla, LSNCC, and Lensed galaxy. The class Other denotes the
observations containing none of the objects belonging to the classes considered in a task.

Binary classification aims to find SN without discerning their type (Ia and CC) or the presence of
lenses. Multi-class classification aims at distinguishing lensed and non-lensed objects into different
classes: SNIa, SNCC, Gravitationally-lensed SNIa (LSNIa), Gravitationally-lensed SNCC (LSNCC),
Lensed galaxy (only for SN and grav. lenses) and Other. This work focuses on transient and/or lensed
objects, so stars and galaxies are neglected in the multi-class classification task.

We first address the counting problem, which is more general than classification, because counting
aims at finding both the body types and the number of bodies of each type, while classification
considers only the body types. We compare the three alternative representations of the output
proposed in [20]]: Multi-Class Classification (MCC), Soft-label Ordinal Regression (SOR), and
Multi-label (hard) Ordinal Regression (MOR).
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Table 2: Summary of the tasks. In the "Type" column, "C" stands for "counting”, "BC" stands for
"binary classification", and "MC" stands for multi-class classification. The astronomical body types
considered for each task are marked with e.

Task — Target Lensed Non-lensed Other
Task Target | LSNIa LSNCC LGalaxy | SNIa SNCC Galaxy Star |
C All objects . . . . . .
BC  Gravitational lenses ° . °
BC SN (coarse) . ° ° .
MC SN (fine) . ° ° .
MC SN and grav. lenses . . . . °
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Figure 1: AstroCountNet (ACoNet) architecture
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The labels for all the tasks are imbalanced, so we use the macro F; score. Computing the macro
Fy in classification is straightforward. In counting, there are 7 possible counts, as shown in Table 2]
(one per body type). Each count is treated as a class in a multi-class single-label classification. We
apply the following procedure: (1) compute the macro F} score for each astrophysical body type,
weighting each possible counting output equally and (2) compute the average of the macro F} scores,
weighting each body type equally.

2.4 Architecture

The tasks listed in Table [2|are addressed with the two networks ACoNet for counting and AClaNet
for classification.

ACoNet is a multimodal multi-output inference pipeline computing one count per body type. Figure[I]
illustrates its architecture, which is formed by three multimodal multi-output subnetworks (LCounter,
GCounter and MCounter) connected to an ensembling module, which takes in input the outputs
of the three subnetworks and estimates the count for each object type. LCounter, GCounter and
MCounter respectively focus on local features, global features and both local and global features.
Each subnetwork has 7 output branches, one for each astronomical body type. For each branch,
the network estimates the number of instances of that body type in that observation. Ensembling
algorithms leverage the complementarity of the sub-networks to improve the count and classification
predictions. For counting, we use Random Forest (RFﬂ and 3 of the ordinal regression algorithms
implemented in the mord libraryﬁ Logistic All-Threshold (AT) [21]], Ordinal Ridge (OR), and
Least Absolute Deviation (LAD). We use the default hyperparameters, as defined in mord and
scikit-learn [22| 23]]. The ensembling pipeline takes in input the encoded representation of the
counts for each sub-network and output encoding. It outputs the counts for each ensembling algorithm
(and hyperparameters combination). The best ensembling algorithms and hyperparameters are the
ones that maximize the average macro F} score on the validation set.

AClaNet has a structure similar to that of ACoNet. The ensembling module is replaced by a task
adaptation module, with the same inputs as the ensembling module. The output is the predicted class
for each sample. For this purpose, we use the three pre-trained multimodal multi-output subnetworks
(LCounter, GCounter and MCounter), concatenate their outputs and apply to the resulting vector
the classification algorithms of 4 families for task adaptation: Support Vector Classifier (SVC) (a

'Asimplemented inhttps://scikit-learn.org/stable/modules/generated/sklearn.ensemble |
RandomForestClassifier.html (as of November 2024)
“Version 0.3, available at/https://pythonhosted. org/mord/ (as of November 2024)
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Table 3: Comparison of the macro F} scores for counting on the 4 datasets obtained by ACoNet,
sorted by the mean of the F scores across the datasets. The 1o confidence intervals are obtained
using bootstrapping with 50 samples.

DES-deep DES-wide DESI-DOT LSST-wide Mean

SNCC 0.655015-9215  0.79019:9271 0.901170:9138  0.818070-92%%  0.7910
SNIa 0.7330}%;@%‘132 0.75331%@%% 0.9310%5(}5;, 0.8684}%:@%2% 0.8214
LSNCC 0.6811;8:8822 0’892018:88% 0.8998;83882% 0.8672;8:8858 0.8350
Lensed galaxy 0.7726700952  0.8829F5-:007  0.871370:0557  0.90087 00055 0.8569
Galaxy 0.843470 5007 0.87561 00108 0.870415:0002  0.882010090  0.8678
LSNIa 0.7899F0:0505  0.884710-50%0  0.9373+8-092>  0.906870:09%¢  0.8797
Star 0.946170°5085  0.9680T0-0955  0.947615-0572  0.9285T0 595 0.9476

Avg. macro I, 0.7744%0:0120 0.863870 0130  0.9083100005  0.8817F00157  0.8571

kernel-based method), Logistic Regression (LR) (a linear model), Decision Tree (DT) (a tree-based
model), and Multi-Layer Perceptron (MLP) (a neural network), as implemented in scikit-learn.

3 Evaluation

Table [3] summarizes the results for the counting task after ensembling LCounter, MCounter and
GCounter and using the MOR and SOR output representations, which outperform the MCC represen-
tation (+10% macro F score). Each row represents an astronomical body type, each column is a
dataset and each cell contains the macro F} score for the counting task, where each counting value
(0, 1, 2) is regarded as a different class. The results show that the F; scores are consistently high
(> 0.65) across all datasets and objects. The most significant variations in results arise for transients,
both lensed and not lensed, because of significant differences in the number of acquired samples
across datasets [18]. Some objects are observed often (e.g., stars) or have peculiar and recognizable
characteristics (e.g., LSN brightness variations are visible because of the gravitational lens). On
average, ACoNet can find and count them better than other objects. In DESI-DOT, the non-lensed
SN F7 score is similar to that of other bodies, because the higher quality of observations mitigates
the faintness and compensates for the scarcity of samples.

Table ] presents the results of the four classification tasks. The table also includes a column labeled
"Co", which shows the results obtained by ACoNet considering that an object is present if its count is
at least 1. A prediction by ACoNet is considered correct if all the classes considered in the task are
predicted correctly. Task adaptation, on average, improves the Fy score (+1% to +6%) with respect
to the ACoNet-based prediction. The results are better for binary classification tasks ("Gravitational
lenses" and "SN (coarse)"). The two multi-class tasks have similar results, indicating that the presence
of lensed galaxies does not affect performances significantly. The lowest F; scores are observed
for DES-deep. The results on the other datasets are similar because the quality of their images is
comparable and better than that of DES-deep, as shown in [[18, [19].

4 Conclusions and future work

This work introduces ACoNet, an ensemble of multimodal neural networks that counts bodies
belonging to different classes in astronomical observations. We show that, for this task, ordinal
regression with MOR and SOR is more effective than MCC (more than +10% macro F} score on
average). We also show that ACoNet is effective at classifying gravitational lenses and SN but
adapting ACoNet into AClaNet for classification tasks improves the macro F score up to +11%.

Despite promising results, some limitations should be considered. This approach must be evaluated
on a large set of real data and could be extended to more classes of gravitationally-lensed transients
and to redshift estimation, which is otherwise time-consuming. Future work will concentrate on
applying ACoNet to real observations, further extensions of the network to address redshift estimation
and using explainability techniques.
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