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Abstract

The search for exoplanets has advanced into the era of intelligent automation, yet most deep learning pipelines re-
main constrained to single-modality inputs or isolated views of astronomical data. We present PlanetNet-MMG, a
novel multi-modal deep learning architecture that combines structured stellar metadata, raw lightcurve sequences,
and graph-based relational context into a unified classification model. Our approach fuses three powerful encoders:
a Tabular Transformer for domain-aware feature projection, a PatchGRU enhanced with a Vision Transformer
(ViT) for learning fine-grained temporal patterns in segmented lightcurve patches, and a Graph PARE encoder
that models inter-object similarity via a relational graph. Trained on a harmonized dataset derived from Kepler,
TESS, and confirmed exoplanet archives, PlanetNet-MMG outperforms all state-of-the-art baselines, achieving a
peak test accuracy of 90.4% and a class-averaged AUC of 0.973. Extensive experiments across 10—100 epochs and
comparative evaluations against Astronet, ExoNet, OsbornNet, GCN (Lu), and ExoMiner confirm the effective-
ness of our multimodal fusion. We further provide interpretability through attention overlays, t-SNE projections,
and confidence histograms, reinforcing PlanetNet-MMG’s transparency and reliability for scientific discovery in
astrophysics.

Keywords: Exoplanet Detection, Multi-Modal Learning, Tabular Transformer, PatchGRU, Vision Transformer,

Graph Neural Network, Lightcurve Analysis, Planetary Classification

1. Introduction

The search for exoplanets—planets orbiting stars beyond our solar system—stands as one of the most trans-
formative frontiers in modern astrophysics. Space missions such as NASA’s Kepler [1] and TESS [2] generate
unprecedented volumes of photometric time-series data, offering vast opportunities to identify transit signatures
indicative of planetary bodies. These transit events, typically observed as periodic dips in stellar brightness, are
often subtle and easily masked by stellar variability, instrumental noise, or astrophysical false positives. Tradi-

tional detection pipelines rely on statistical algorithms such as the Box Least Squares (BLS) method or rule-based



classifiers [3]. While these approaches succeed in controlled scenarios, they show limited capability in distin-
guishing genuine planetary transits from noise, especially in cases of irregular, incomplete, or low signal-to-noise
lightcurves [4]. This limitation motivates the shift toward more advanced computational techniques.

The advent of machine learning—and particularly deep learning—revolutionizes exoplanet detection by en-
abling models to learn complex transit morphologies directly from data [5, 6, 7]. Convolutional neural networks
(CNN:gs), recurrent neural networks (RNNs), and hybrid architectures achieve remarkable accuracy in classifying
exoplanet candidates from large-scale surveys [8, 9]. A landmark study by Shallue and Vanderburg [5] intro-
duces Astronet, a CNN trained on Kepler data to automate classification of transit signals. Astronet’s success is
expanded by ExoNet [10], which incorporates auxiliary metadata features to enhance classification robustness.
Osborn et al. [10] extend this approach by including centroid time-series data, capturing centroid shifts that often
accompany astrophysical false positives.

Further developments explore recurrent architectures such as LSTMs and GRUs [8, 11] to better capture
temporal dependencies in lightcurve sequences, as well as autoencoder-based methods to denoise flux varia-
tions [6, 12]. Recent advances incorporate Vision Transformers for temporal image analysis [13] and transformer-
based algorithms for full-frame image analysis [14]. However, these models remain largely unimodal or rely on
shallow fusion techniques, lacking a coherent strategy to integrate metadata, temporal dynamics, and contextual
relationships among stellar objects. Graph-based approaches emerge as a promising solution for modeling struc-
tured relationships in stellar catalogs. Lu et al. [15] demonstrate the potential of Graph Convolutional Networks
(GCNs) for exoplanet classification by constructing graphs based on astrophysical feature similarity. While effec-
tive at capturing local neighborhood context, such methods often lack the temporal resolution required to model
detailed transit signatures. Consequently, classification performance suffers, particularly for borderline candidates
where subtle differences separate true exoplanets from false positives.

Machine learning applications in exoplanet science have expanded beyond transit detection to include atmo-
spheric retrieval [16], mass estimation [17], high-contrast imaging [18, 19], astrometric detection [20], and mi-
crolensing analysis [21]. Recent comprehensive reviews [22, 23] highlight the growing sophistication of machine
learning approaches, including hybrid CNN-Random Forest methods [24] and citizen science integration [25].
Novel approaches using synthetic light curves for training [26] and Earth-like planet prediction [27] demonstrate
the field’s evolution toward more specialized and robust methodologies.

To address these limitations, a robust multimodal approach is required—one capable of integrating structured
stellar and planetary parameters, detailed temporal dynamics from lightcurves, and contextual information from
the broader astrophysical environment. This study introduces PlanetNet-MMG, a unified deep learning frame-
work that combines three complementary modalities into a single, end-to-end model. Structured astrophysical
parameters are processed using a Tabular Transformer [28], segmented lightcurve sequences are modeled with a
custom PatchGRU-VIiT encoder that captures both local and global temporal dependencies using GRU [11] and Vi-

sion Transformer [29] architectures, and relational context is incorporated via a Graph PARE encoder that models



proximity and similarity in the astrophysical feature space using Graph Convolutional Networks [30]. By harmo-
nizing data from Kepler, TESS, and the NASA Exoplanet Archive [31], PlanetNet-MMG standardizes and fuses
heterogeneous datasets to enable comprehensive reasoning across modalities. The proposed architecture consis-
tently outperforms unimodal baselines such as Astronet [5], ExoNet [10], and even graph-only approaches [30],
delivering enhanced robustness, higher classification accuracy, and improved interpretability. Model behavior is
further elucidated through visualization techniques such as attention heatmaps, embedding projections, and predic-
tion confidence distributions, providing transparency for scientific validation [32, 33]. The theoretical foundations
of multimodal learning [34, 35] and multimodal fusion methods [36, 37] support our architectural choices, while
recent advances in explainable AI for multimodal systems [38] inform our interpretability approaches. Ultimately,
PlanetNet-MMG represents a step forward in the design of intelligent, multimodal systems for astronomical dis-
covery—scalable to upcoming survey missions such as PLATO and the Roman Space Telescope, and adaptable to

the evolving needs of exoplanetary science. The contributions of this work are as follows:

1. The work presents the PlanetNet-MMG, where the first exoplanet classification framework that explicitly
integrates tabular stellar parameters, temporal lightcurve dynamics, and relational graph-based reasoning
within a single multimodal pipeline.

2. The work demonstrates how the fusion of Kepler, TESS, and confirmed exoplanet datasets enables standard-
ized, cross-mission learning, thereby improving generalization across diverse observational environments.

3. The work provides a comprehensive evaluation against established baselines such as Astronet, ExoNet, and
GCN-based models, highlighting substantial gains in accuracy, robustness, and interpretability. Together,
these contributions advance the state of the art in exoplanet detection and establish a scalable foundation for

future astronomical surveys.

The organization of this work is as follows: Section 3 demonstrates the detailed discussion of the proposed
methodology. The extensive experimentation with results are discussed in Section 4 and 5. The work is concluded

in Section 6.

2. Related Work

The application of machine learning to exoplanet detection has gained significant momentum with the increas-
ing availability of large-scale photometric datasets from missions such as Kepler and TESS. Early deep learning
approaches primarily focused on convolutional neural networks (CNNs) trained on phase-folded lightcurves. A
seminal contribution in this direction is Astronet, which demonstrated that CNNs can effectively learn transit mor-
phologies directly from Kepler data and automate candidate vetting at scale [39]. Subsequent extensions, including
ExoNet, incorporated auxiliary stellar metadata to enhance robustness and reduce false positives [6]. OsbornNet
further improved classification reliability by integrating centroid motion time-series, addressing contamination

from background eclipsing binaries [40]. Beyond convolutional architectures, recurrent neural networks such
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as LSTMs and GRUs have been explored to capture temporal dependencies in raw or detrended lightcurve se-
quences [11]. These sequential models offer improved sensitivity to transit duration and ingress—egress patterns
but often struggle to model long-range temporal dependencies effectively. More recent studies have introduced
transformer-based architectures, including Vision Transformers, to capture global contextual relationships in time-
series or image-like representations of lightcurves [29, 41]. While these models achieve promising results, they
are typically limited to a single modality and rely on shallow fusion when additional metadata is incorporated.
Graph-based learning has emerged as a complementary paradigm for exoplanet classification by explicitly
modeling relationships among astrophysical candidates. Lu et al. proposed a graph convolutional network (GCN)
that constructs similarity graphs based on stellar and planetary parameters, demonstrating that relational context
can improve classification performance [42, 15]. However, existing graph-centric approaches often omit detailed
temporal modeling of lightcurves, limiting their ability to resolve subtle transit signatures and borderline cases.
Multimodal learning frameworks in astrophysics have been explored in a limited capacity, typically combining
tabular metadata with photometric features without modeling relational context or long-range temporal structure
[4, 7]. PlanetNet-MMG addresses these gaps by jointly encoding structured stellar parameters, raw lightcurve
sequences, and graph-based relational embeddings within a single end-to-end architecture, directly targeting the

key limitations identified in prior unimodal and shallow-fusion approaches.

3. Methodology

This section presents the complete methodology of the PlanetNet-MMG architecture, including dataset inte-

gration, preprocessing pipeline, and the detailed model architecture with its constituent components.

3.1. Dataset Integration and Preprocessing

A critical foundation for any machine learning framework lies in the quality, consistency, and comprehensive-
ness of its input data. For the PlanetNet-MMG architecture, we construct a harmonized dataset by integrating three
major exoplanet catalogs: the Kepler KOI list, the TESS TOI catalog, and the NASA Exoplanet Archive Con-
firmed Planets [31]. Each of these sources provides complementary perspectives: Kepler offers long-baseline,
high-precision photometry [1]; TESS contributes all-sky coverage with shorter cadence [2]; and the NASA Exo-
planet Archive consolidates vetted planetary parameters from diverse detection methods [31].

The integration process is far from trivial. Astrophysical parameters such as orbital period, planetary radius,
stellar effective temperature, stellar mass, transit depth, transit duration, signal-to-noise ratio (SNR), and impact
parameter differ in scale, units, and sometimes even definition across catalogs [43]. To ensure compatibility, we
standardize all features to a common reference frame, with units converted where necessary. We remove missing
values in essential parameters, while imputing secondary fields using column-wise medians to preserve statistical
distribution without introducing bias. We harmonize categorical labels into three primary classes: CONFIRMED,

CANDIDATE, and FALSE POSITIVE.



where x; is the raw feature value, p is the mean, and o is the standard deviation for that feature across the
dataset. This transformation ensures that all features have zero mean and unit variance, preventing scale disparities
from dominating the learning process. The z-score normalization is particularly crucial in our exoplanet detection
context because astrophysical parameters span vastly different orders of magnitude. For instance, orbital periods
range from hours to thousands of days, while transit depths are measured in parts per million (ppm). Without
proper normalization, features with larger numerical scales (such as stellar temperature in Kelvin) would dispro-
portionately influence the learning process compared to smaller-scale features (such as normalized transit depth).
By standardizing each feature through z;, we ensure that the multimodal fusion layers can effectively combine
tabular metadata, temporal lightcurve patterns, and graph-based relationships without being biased toward any
particular feature’s numerical range. This normalization step is essential for the Tabular Transformer component
to learn meaningful feature interactions and for the Graph PARE encoder to construct accurate k-nearest neighbor
relationships in the standardized feature space.

The resulting dataset comprises 14,707 samples and 13 carefully curated features, each selected for its
astrophysical relevance to planetary habitability and detection confidence [44, 45]. These features are summarized
in Table 1.

Table 1: Selected astrophysical features for tabular input

Feature Description Unit
Period Orbital period days
Planet Radius Planetary radius Earth radii
Stellar Temperature Host star effective temperature Kelvin
Stellar Mass Host star mass Solar masses
Transit Depth Relative flux decrease ppm
Transit Duration Transit event duration hours
SNR Signal-to-noise ratio -
Impact Parameter Transit impact parameter -
Eccentricity Orbital eccentricity -
Semi-major Axis Orbital semi-major axis AU
Equilibrium Temperature | Planetary equilibrium temperature Kelvin
Insolation Flux Incident stellar flux Earth flux
Disposition Score Vetting disposition confidence -

Several of these features warrant deeper examination. The orbital period P—the time taken for a planet to
complete one revolution around its star—is fundamental to transit prediction and is related to the semi-major axis

a by Kepler’s third law (Equation (1)) as shown below:

2
4n” 4

P = 1
GM*a (D

where G is the gravitational constant and M, is the stellar mass. The planetary radius R),, typically measured

in Earth radii, is inferred from the fractional drop (Equation (2)) in stellar flux during a transit:

AF (R,
() ®
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where AF /F is the fractional flux decrease and R, is the stellar radius. Transit depth scales quadratically with
the planet-to-star radius ratio. This metric directly influences habitability assessments, as smaller planets are more
challenging to detect but are more likely to be terrestrial.

Stellar effective temperature T.¢, measured in Kelvin, governs the incident radiation environment of the
planet. Together with the stellar mass M,, it informs estimates of the habitable zone via the insolation flux S

(Equation (3)):

" 4ma?

3)

where L, is the stellar luminosity, itself proportional to RZT;f according to the Stefan—Boltzmann law.
The transit depth and transit duration provide shape descriptors of the observed lightcurve. Transit depth,
expressed in parts per million (ppm), reflects the planet-to-star size ratio, while transit duration relates to the orbital

geometry, impact parameter b, and orbital velocity. The impact parameter (Equation (4))is defined as:

“4)

where i is the orbital inclination. This parameter is crucial for distinguishing between grazing and central
transits, which can differ significantly in classification confidence.

Finally, the signal-to-noise ratio (SNR) acts as a statistical measure of transit detectability, while the disposi-
tion score represents a vetting-derived confidence metric from prior pipeline analyses.

By integrating, standardizing, and mathematically contextualizing these features, the dataset becomes a co-
herent, astrophysically grounded input space for the PlanetNet-MMG model. This preprocessing stage ensures
that downstream learning is driven not only by statistical patterns but also by physically meaningful relationships

embedded in the data.

3.2. Lightcurve Extraction and Processing

Once the tabular dataset is standardized and harmonized, the next critical step is to obtain and process the raw
photometric observations from which planetary transit signatures could be extracted. For this study, we focused on
a subset of 5,000 exoplanet candidates with valid Kepler IDs and confirmed availability of high-quality lightcurve
data.

The lightcurves are sourced using the Lightkurve Python package [46], which provides a direct interface
to NASA’s Mikulski Archive for Space Telescopes (MAST). This package simplifies retrieval, calibration, and
manipulation of mission-specific photometric data, allowing seamless access to Pre-search Data Conditioning
Simple Aperture Photometry (PDCSAP_FLUX) values [3]. The PDCSAP flux is a detrended and decontaminated
lightcurve product that removes most instrumental and systematic effects while preserving astrophysical variabil-
ity. This makes it an ideal choice for machine learning pipelines aiming to detect planetary transits without being

misled by non-planetary systematics [12].



Let a raw lightcurve be represented as a discrete flux sequence
y:{FhFZM"aFT}a

where F; denotes the observed PDCSAP flux at time step ¢, and T is the total number of observations for a given
target.

To ensure comparability across samples, the following preprocessing steps are applied:

1. Normalization: Each lightcurve is normalized (Equation (5)) such that its median flux value equals unity:

F
From— _— VWt 1,2,...,T}. 5
! median(.%)’ €{l.2,...T} )

This removes absolute brightness differences across stars, ensuring the model learns from relative variations.

Raw vs. Processed Lightcurve (Example Kepler Target)
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Figure 1: Example of raw and processed lightcurve. The processing pipeline removes outliers and normalizes flux values while preserving the

transit signature.

2. Outlier Removal: To eliminate anomalies such as cosmic rays and data dropouts, a 30 (Equation (6))

clipping is applied as shown below:

}\clean — {Ftnorm | |Fln0rm _ ‘LL‘ S 30}, (6)

where

1 & 1 & 2
“:?;thrm’ o= \/Tt_zl(Ftnorm_‘u) .
3. Sequence Length Standardization: Since neural models require a uniform input length, only the first

L =100 points are retained:

clean pr-clean clean
= {Frlean pglean  peleany



If | Zclean| < L, the sequence is padded with the median value 1.0:
S ={Ffean  Fden 10,...,1.0}, M<L.
Thus, each lightcurve is transformed into a standardized vector
se R0 s=[s1,52,.--,5100],

where s, encodes the cleaned, normalized, and padded flux at time step t. The example of Raw and Processed
Lightcurve for Kepler Target is shown in Figure 1.

The choice of 100 time steps was informed by the trade-off between capturing sufficient transit cycles for
short- to medium-period planets and minimizing sequence sparsity for candidates with limited data availability.
By enforcing this fixed-length representation, the model can leverage batch training without the need for complex
masking operations.

The resulting sequence s retains the essential transit morphology—depth, duration, and ingress/egress shape—
while discarding non-astrophysical noise. This ensures that downstream modules (e.g., PatchGRU-ViT encoder)
learn meaningful planetary transit features.

Let X denote normalized flux samples after PDCSAP detrending and median scaling, and suppose X is well-
approximated by a Gaussian with mean u and variance 62, i.e., X ~ .4 (i, 5?). Define the standardized variable

Z=(X—p)/o~.N(0,1).

Lemma 1. Fork > 0,

Pr(|X —p| > ko) = 2(1 —®(k)), where ® is the standard normal CDF. In particular; at k =3

Pr(|X —pu|>30) = 2(1—-®(3)) ~0.0026998 (~0.27%).

Proof. By standardization, Pr(|X — u| > ko) =Pr(|Z] > k) =Pr(Z > k) +Pr(Z < —k) =2Pr(Z > k) = 2(1 —
®(k)). Numerically, ®(3) ~ 0.9986501, hence 2(1 — ®(3)) ~ 0.0026998. O

Under Gaussian noise, 30 clipping removes roughly the most extreme 0.27% of samples, preserving >
99.7% of data (including transit morphology) while excising large deviations typically caused by cosmic rays
or dropouts... preserving > 99.7% of data, while excising large deviations typically caused by cosmic rays or

dropouts [6].

Distribution-free guarantee (worst-case).. When normality is not assured, Chebyshev’s inequality yields a con-

servative bound for any distribution with finite variance:

1
Pr(|X —p|>ko) < Z



Thus at k = 3,

Pr(lX —pu|>30) < L,

el

Although loose compared to Lemma 1, this shows 30 clipping is guaranteed to cap the fraction of removed points

even under heavy-tailed noise.

Bias control under truncation.. Let X ~ .4 (11,62) and consider the truncated sample X | |X — u| < 3c. The

conditional mean remains y by symmetry, and the conditional variance (Equation (7)) is shown below:

)

Var(X||X — | < 30) = 62<1_ 2:36(3) )

20(3)—1
where ¢ is the standard normal PDF. Numerically, this reduces variance while introducing negligible mean bias,

explaining the SNR improvement observed after clipping.

Why median normalization?. Let m = median(.% ). The sample median has breakdown point 1/2, i.e., it tolerates
up to 50% arbitrary contamination without diverging, whereas the mean has breakdown 0. Hence scaling F"*™ =

F,/m is robust to sporadic outliers and preserves transit depths as relative dips.

Padding and variance neutrality.. Let L = 100 be the target length and suppose the cleaned sequence has M < L

samples. Padding with the constant 1.0 (the median of the normalized flux) does not inject artificial variance:

M(L—M)

73 (Fclean _ 1)27

M
Var [Flc:llic/[analwu,l] = zVar(Flczl]SIan) +

L-M

which is minimized when Fclean ~ | after normalization. Thus padding preserves the transit morphology while

keeping batch shapes fixed.

Practical takeaway.. By Lemma 1, 30 clipping removes ~ 0.27% under Gaussian noise, with a distribution-free
cap of 11.11% by Chebyshev. Combined with robust median normalization and variance-neutral padding at 1.0,
the pipeline yields a standardized sequence s € R'% that retains astrophysically relevant transit features while

suppressing non-astrophysical artifacts.

3.3. Model Architecture Overview

The PlanetNet-MMG architecture is designed as a unified multi-modal deep learning framework that pro-
cesses three complementary data modalities—tabular astrophysical metadata, lightcurve time-series, and graph-
based relational structure—to perform robust exoplanet candidate classification. Each modality is handled by a
specialized encoder block, and their outputs are fused into a single representation before classification (Figure 2).
This multi-stream design ensures that the model not only captures the temporal morphology of planetary transits
but also leverages domain-specific astrophysical features and contextual information between stellar systems.

The architecture consists of four main components:
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1. Tabular Transformer (TT) Module.

Input and normalization.. Let x € R'® denote the standardized tabular feature vector per Section 2.1 (z-score:

Xi < (x,- — ,Lli)/O'i).
Per-feature tokenization.. We model each scalar feature x; as a token by a feature-wise linear embedding followed
by a column (feature-identity) embedding:

1% = ReLUWixi+b;) +¢; €RY, i=1,...,13

i - 15443 1 l K - 10 )
where W; € R4%1 b, € R? are learnable, ¢; € R? is a learnable column embedding, and d is the model width (e.g.,
d=64). Stack T = [1*);. ;)] e R13xd,

Transformer encoder (inter-feature dependency modeling).. Pass T through L encoder blocks. For block ¢ =
., L,

(a) Multi-head self-attention [41]) Forhead h=1,... H,
0y =T" W2, Ky=T""Vwk, v,=1""wy,

with WhQ, wk e R*%, Wy e R¢*% Scaled dot-product attention per head:

(1) 0Ky,
Attn, (T ) = softmax A V. 8)

Concatenate heads and project:
MHA(T!""D) = Concat(Attny,...,Attng)W?, — w0 RHd)xd,

Apply pre-norm residual:
7" = 7=V 4 MHA(LN(T"D)).

(b) Position-wise feed-forward)

7 = T + FEN(LN(T")),

where FEN (1) = W5 ¢ (Wyu+ by ) + b, is applied row-wise (W; € R4, W, € R4>4 | ¢ e.g. ReLU/GELU).
After L blocks we obtain T(E) € R13*4_ whose rows encode each feature in the context of all others via

attention.

Pooling and projection to the tabular embedding.. Aggregate tokens (e.g., mean pooling) to a single vector using

the (Equation (9)) as shown below:
1 13 w
7= —= 3 T.” ¢ R 9)
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Map to the 64-dimensional tabular embedding (Equation (10)) used by the multimodal fusion:

haw = ReLU(W, z+b;) € R, (10)

with W; € R%**4 and b, € R%*.

Notes on equivalence to the text..

* The initial linear projection and ReLU correspond to the stated first step of TT ("map the input features into
a higher-dimensional embedding space") and Eq. (6); the attention stack "weighs the importance of each

feature in the context of all others [28]."

* Choosing d = 64 makes the encoder width and the final embedding consistent with the 64-D latent described

in the paper.

2. Graph PARE Encoder:. The Graph PARE (Planet-Aware Relational Embedding) module captures the contex-
tual relationships between planetary candidates that cannot be inferred from individual features alone. In many
astrophysical scenarios, the likelihood of a candidate being a true exoplanet is influenced by the properties of other
candidates detected in similar stellar environments. For example, multiple candidates orbiting the same host star,
or stars sharing similar stellar temperatures and radii, may exhibit correlated detection patterns.

The Graph PARE encoder is designed to incorporate relational inductive bias into the exoplanet classification
pipeline by modeling contextual dependencies among astrophysical candidates. In large astronomical surveys,
planetary candidates are not statistically independent; candidates associated with similar stellar environments,
orbital configurations, or detection conditions often exhibit correlated validation outcomes. Capturing such con-
textual information is particularly valuable for borderline cases, where individual feature vectors or lightcurve
patterns alone may be insufficient for reliable classification. Simple clustering approaches, such as k-means or
spectral clustering, can group candidates based on feature similarity but remain fundamentally static and non-
learnable. These methods do not support end-to-end optimization with the downstream classification objective
and cannot adapt their relational structure during training. In contrast, graph convolutional networks (GCNs)
enable differentiable neighborhood aggregation, allowing relational context to directly influence learned repre-
sentations through gradient-based learning. This property makes GCNs more suitable for integration within a
unified deep learning framework, as demonstrated in prior graph-based astronomical studies. A single-layer GCN
is intentionally employed in Graph PARE. While deeper graph architectures can capture higher-order dependen-
cies, they are known to suffer from over-smoothing, particularly in dense or homogeneous feature spaces, leading
to indistinguishable node embeddings and reduced discriminative power. In the context of exoplanet candidate
classification, the primary objective is localized contextual refinement rather than deep graph propagation. A
shallow GCN effectively aggregates information from immediate astrophysical neighbors while preserving fea-

ture diversity and training stability. Although attention-based graph models such as Graph Attention Networks
13



(GATs) provide adaptive weighting of neighboring nodes, their increased parameterization introduces additional
complexity and sensitivity to noise. Given the class imbalance and observational uncertainty inherent in exoplanet
datasets, a simpler GCN formulation offers a more robust and interpretable solution. This design choice aligns
with the intended role of Graph PARE as a contextual regularizer rather than a dominant decision-making module,
complementing the temporal and tabular encoders without introducing unnecessary architectural overhead.

To encode this relational structure, we construct a k-nearest neighbor (k = 5) graph in the 13-dimensional
astrophysical feature space, using Euclidean distance to measure similarity. In this graph, each node represents a
planetary candidate while each edge represents astrophysical similarity between candidates.

Let N be the number of candidates and X € RV*13 the feature matrix (13 astrophysical parameters per candi-

date).

Relational graph construction (kNN in feature space).. Define the Euclidean distance (Equation (11)) in the 13-D
space:

d(i,j) = lxi—xjll2,  x.x; €R. (11)

For each node i, let 4% (i) be the set of its k nearest neighbors (k = 5). The (directed) kNN adjacency is shown
below:

Aij = H{jeMm@}, Ae{o 1}V

Self-loops and symmetric normalization.. Augment with self-loops: A=A+1 Let D be the diagonal degree

matrix of A:

Use the symmetrically normalized adjacency as shown below:

A =D12AD7'2

Graph convolution (single layer).. With a learnable weight W, € R13%64 the Graph PARE embedding (Equa-
tion (12)) is shown below:

Hgraph = ReLU(AX W) € RV*64, (12)

Equivalently, row-wise for node i:

M=

T 64
ijXj Wg> e R

T
hgraph,i == ReLU(

j=1
Where:

+ X € RV*13 _ feature matrix containing the 13 astrophysical parameters for N planetary candidates.

14



e W, € R13%6% _ Jearnable weight matrix that projects each feature vector into a 64-dimensional latent rep-

resentation.

« A=D"Y2AD"'/2 — symmetrically normalized adjacency matrix that stabilizes message passing and pre-

vents feature explosion.

» A = A+ 1 — adjacency matrix with self-loops, ensuring that a node’s own features contribute to its updated

representation.
e D— diagonal degree matrix of A, where D; =3 in ;.

Output.. Hgrapn provides a 64-D representation per candidate that combines its own features with information
aggregated from astrophysically similar neighbors via A.

The output hgpaph € RN *64 encodes each candidate as a combination of its own features and aggregated neigh-
bor information, weighted by astrophysical similarity. This contextual embedding is particularly valuable for
borderline cases where individual features may be ambiguous, as the relational context can provide decisive
evidence[15]. In essence, the Graph PARE encoder adds a "neighborhood prior" to the classification process,
reflecting the interconnected nature of stellar and planetary systems.

It is important to note that the KNN graph in the Graph PARE encoder is constructed over the full dataset (train
and test candidates) in a transductive learning setting (Kipf & Welling, 2017). The graph structure is pre-computed
once over all N nodes using the standardized 13-dimensional astrophysical feature space and held fixed throughout
training. Node feature representations from all candidates inform the graph topology, but only the training node
labels contribute to the loss function. This transductive design is appropriate for the closed-world classification
scenario considered here, where the full candidate pool is known in advance. For inductive generalization to
candidates from future missions (e.g., PLATO, Roman Space Telescope) that were not present during training, the
kNN graph would need to be dynamically reconstructed to incorporate new nodes at inference time — a direction

we identify for future work.

3. PatchGRU-ViT Temporal Encoder. Let the preprocessed lightcurve be a fixed-length vector
se RO, (13)
Partition s into B = 10 non-overlapping patches of size m = 10:
pi = [S(—1ymtts---+Sim) ER™, i=1,...,B, (14)

and collect them as

s=[p1,....ps]- (15)
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Patch-level recurrent encoding with cross-patch state carryover.. Let dj, be the GRU hidden size. Each patch p;

is a length-m sequence {u; ¢}, with u; ; € R. Initialize

ho=0€R™,  hio=h ;. (16)

Within patch i, update the GRU cell[11] for T =1,...,m:

it = O'(qui,r + Uzhi,‘cfl +bz);

riz = G(Wrui,r + Urhi,rfl +br) )

hi ¢ = tanh(Wy; ¢ + Uy (rie O hie—1) +by) 0
hir=(1—zi¢)Ohir_1+2i:Ohiz,
where W, € R4>1 U, € R%>dn p, € R, o (+) is the logistic function, and ® denotes Hadamard product.
The patch summary state is defined as
hi = hiy € R, i=1,...,B. (18)
Stack the patch summaries into a matrix
Hpatch = [h15...;hp] € RE*, (19)
ViT over patch summaries.. If needed, project to the ViT width d via a learned linear map
X9 = HpynW, e REX W, e R4, (20)
Add learnable positional encodings P € RE* to retain temporal order:
z0 = xO4p 21)
Apply L transformer encoder blocks[41]. For block ¢/ =1,... L,
z" = 7= 1 MHA(LN(z("Y)y),
(22)
z = 79 + FEN(LN(ZY)),
where, for H heads with d; and d, per head,
MHA(U) = Concat(softmax(QhK;/ \/Z)Vh)thlWO, (23)

16



On=UWZ, K,=UWEK, v,=uw/, (24)

with W2, WK € R WY € Ri*d WO e RUEHD)*d ang
FFN()C) =W, ¢(W1x+b1) + by (25)

acting row-wise.

Readout to a 64-D temporal embedding.. Finally, pool the transformer outputs (e.g., mean pooling) and project

to R%:
1 B
Y 7" erd, (26)

27)

hpaenoru = ReLU(W,z+b,) € R*,

with W, € R%*4 b, € R%.

4. Multimodal Fusion and Classification. After each encoder module processes its respective modality, we obtain

three distinct embedding vectors:
* hy,, € R% — tabular embedding representing astrophysical parameters.
hgrapn € R — graph embedding encoding contextual relationships between candidates.
* hpachgru € R — temporal embedding summarizing local and global lightcurve patterns.

Let hap, hgraph, MpatchGRU € R% be the modality-specific embeddings produced by the TT, Graph PARE, and

PatchGRU-ViT encoders, respectively.

Fusion by concatenation.. Form the fused representation by channel-wise concatenation

Bused = [tabs Paraphs Fparchoru | € R2. (28)

Two-layer classification head.. Apply an affine map followed by ReLU, then dropout, and a final affine map:

W1 €R128X1927 bl GRIZS,

Bhidden = ReLU(W) Atusea +b1),
hdrop = DI'OpOllt(hhidden7 p= 03), (29)
z = Wahgrop + b2, Wy € R¥>*12 b, e R®.

Softmax output.. The class-probability vector y € R? (CONFIRMED, CANDIDATE, FALSE POSITIVE) is

yjzl.

3
(30)
j=1

_e i€ {1,2,3), with
P = , €11,2,35, wit
Yj Zzzlezk J
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Training-time semantics of dropout.. At training, define a Bernoulli mask m € {0,1}?8 with i.i.d. entries m; ~

Bernoulli(1 — p) and use inverted dropout:

m® hpidden

) p=0.3, 3D
l-p

hdrop =

so that E[hdrop] = Npidden- At inference, hdrop = Nhidden-

Note that:

« W) € R1?8%192 _ Jearnable projection from the fused feature space to a hidden representation.

» Wy € R3*128 _ projection from hidden features to the output logits.

« b; € R'?8, b, € R? — bias vectors for the respective layers.

* ReLU(-) — rectified linear activation introducing non-linearity and avoiding vanishing gradient issues.

* Dropout(-, p = 0.3) — regularization technique to prevent overfitting by randomly zeroing 30% of hidden

units during training [47].

* Softmax(-) — converts logits into a probability distribution over the three classes: CONFIRMED, CANDIDATE,

and FALSE POSITIVE.

PlanetNet-MMG outperforms unimodal baselines such as Astronet [5], ExoNet [48], and even graph-only ap-
proaches, achieving both improved classification robustness and interpretability. This design aligns with findings
from multimodal learning literature, where heterogeneous features capture complementary information, leading

to better generalization in complex decision-making tasks.

3.4. Training Protocol

The training of PlanetNet-MMG optimizes both predictive accuracy and generalization, while accounting for
inherent challenges in exoplanet datasets such as class imbalance and noise in observational data.
To address the multi-class classification objective (CONFIRMED, CANDIDATE, and FALSE POSITIVE), we em-

ploy a weighted cross-entropy loss (Equation (32)) function as shown below:

N 3
L == weiclog(fic) 32)

i=le=1
where:

* N — total number of samples in a batch.

* ¢ — class index, ranging from 1 to 3.

* yic €{0,1} — ground truth one-hot encoded label.
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* Jic € (0,1) — predicted probability for class ¢ from the Softmax output.

* w. — class-specific weight, computed as w, = i, where f. is the normalized frequency of class c¢ in the

training set.
The weighting scheme ensures that minority classes (particularly CONFIRMED planets) contribute proportionally

more to the gradient updates, thus mitigating bias toward majority classes.

Model optimization is performed using the Adam with a fixed learning rate oz = 1 x 1073 and default momen-
tum parameters (f; = 0.9, B, = 0.999). Adam is chosen for its ability to adapt learning rates for each parameter,

facilitating stable convergence even with sparse and noisy gradients.

The network is trained using a mini-batch size of 16 samples to balance gradient stability with computational
efficiency. Training proceeds for a maximum of 100 epochs, with early stopping (patience = 10) applied to halt

training if the validation loss fails to improve, thereby preventing overfitting.
To further improve generalization, we employ two regularization strategies:

1. L2 weight decay (A = 1 x 10™%) to penalize large weights and reduce model complexity.
2. Dropout with rate p = 0.3 in the fully connected layers, randomly deactivating neurons during training to

encourage redundancy in learned features.

The dataset is split into 80% training and 20% testing subsets using stratified sampling to preserve the
original class distribution across splits. This ensures that the class imbalance present in the dataset is consistently
represented in both training and testing phases, yielding more realistic performance estimates. The 80/20 stratified
split is performed at the candidate level after merging all three catalogs (Kepler, TESS, NASA Confirmed) into
a single dataset. The split is not mission-disjoint; candidates from different missions may appear on both sides
of the split. A mission-disjoint evaluation protocol, where the model is trained on one mission and tested on
another, would constitute a stronger cross-mission generalization test and is proposed as future work. Since the
split is at the candidate level rather than the host-star level, it is possible that two candidates sharing the same host
star (kepid) appear on opposite sides of the train/test boundary. A host-star-disjoint split would provide a stricter
evaluation and is recommended in future iterations of this pipeline.

Overall, this training protocol strikes a balance between maximizing classification accuracy and ensuring the

model’s robustness when applied to unseen exoplanet candidate data from diverse missions.

4. Experimental Setup

This section details the experimental protocol we adopt to evaluate the proposed PlanetNet-MMG framework
against established baseline architectures for exoplanet classification. The objective is to ensure that all models
are trained and evaluated under comparable conditions, enabling a fair assessment of the impact of multimodal

fusion on classification performance.
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To assess the stability of reported results across random initializations, we conducted 5 independent training
runs using different random seeds (42, 7, 13, 99, 2025), each trained for 90 epochs on the same stratified 80/20
train/test split. Mean performance and 95% confidence intervals (mean £ 1.96 x std) are reported in the revised

Table 2. The narrow CIs confirm that PlanetNet-MMG is stable across initializations.

4.1. Baseline Models

We benchmark PlanetNet-MMG against five representative deep learning models that are widely used in ex-
oplanet detection tasks. Each model represents a distinct methodological paradigm, ranging from pure convolu-

tional processing of lightcurves to graph-based relational reasoning.

1. Astronet [S] — A convolutional neural network (CNN) architecture trained exclusively on phase-folded
lightcurve data. Astronet uses separate convolutional branches for local and global views of the lightcurve,
designed to capture both short-duration transit features and long-term trends.

2. ExoNet [48] — Extends Astronet by introducing a secondary input branch for stellar parameters such as
stellar radius, effective temperature, and signal-to-noise ratio. This allows the model to leverage additional
physical context when classifying transit events.

3. OsbornNet [10] — A CNN variant that incorporates centroid motion time-series data in addition to lightcurves.
The centroid motion signal helps in identifying false positives caused by background eclipsing binaries or
other photometric contamination.

4. GCN (Lu) [15] — A graph convolutional network that models astrophysical candidates as nodes in a graph,
where edges represent similarity in physical parameters. The GCN propagates information across neighbors,
enabling context-aware classification without explicit temporal modeling.

5. ExoMiner [49] — NASA’s operational exoplanet classification model, based on a deep CNN architecture
with multiple convolutional and dense layers, trained on a curated dataset of Threshold Crossing Events

(TCEs). ExoMiner demonstrates high precision in vetting planet candidates from Kepler [1] and TESS [2].

For each baseline, we implement the original architecture as described in its respective publication, modify-
ing only the output layer to accommodate our three-class classification setting (CONFIRMED, CANDIDATE, FALSE
POSITIVE). We retain hyperparameters such as learning rate, optimizer, and batch size from the original studies

to ensure fidelity in reproduction [50].

4.2. Evaluation Metrics

To comprehensively assess model performance, we adopt a suite of evaluation metrics that capture both overall
accuracy and class-specific discriminative ability [43]. These metrics are particularly relevant to our exoplanet
classification task for the following reasons:

The evaluation of the proposed multimodal architecture relies on several key performance metrics that col-

lectively provide a holistic assessment of its classification reliability and scientific utility.Accuracy serves as the
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primary indicator of the model’s overall correctness, representing the proportion of correctly classified samples
across all classes. In the context of exoplanet detection, high accuracy reflects the ability of the model to reliably
differentiate between genuine exoplanets, false positives, and ambiguous candidates. This metric is especially
critical for optimizing follow-up observation strategies and minimizing unnecessary telescope time, thereby en-
hancing the efficiency of large-scale surveys such as Kepler and TESS [31].

Precision measures the fraction of predicted positive instances that are actually correct. In exoplanetary sci-
ence, achieving high precision ensures that the system minimizes false alarms—non-planetary events incorrectly
identified as planets. Such false discoveries can lead to misdirected observational efforts and reduced scientific
yield. Therefore, precision directly influences the trustworthiness of the cataloged candidates and helps conserve
valuable observational resources [3].

Recall, on the other hand, quantifies the model’s ability to correctly identify all true positive instances. High
recall is crucial for ensuring that genuine exoplanets are not overlooked during classification. Incomplete de-
tections could result in an underestimation of planetary occurrence rates and impede the discovery of rare or
potentially habitable worlds. Thus, recall plays a vital role in maintaining the completeness of planetary catalogs
and supporting accurate population-level analyses [44].

Finally, the F1-score—the harmonic mean of precision and recall—balances the trade-off between minimizing
false positives and maximizing true detections. This single composite metric is especially informative in multi-
class scenarios where class distributions are imbalanced, as is often the case in astronomical datasets dominated
by false-positive signals. By combining the strengths of both precision and recall, the F1-score provides a robust
indication of overall model reliability and effectiveness in distinguishing astrophysical signals of interest [50].

Together, these metrics offer a comprehensive evaluation framework that ensures the PlanetNet-MMG model
is both scientifically precise and operationally practical, capable of delivering accurate, reliable, and interpretable

exoplanet classifications across diverse observational conditions.

* Area Under the ROC Curve (AUC): For each class, we compute the Receiver Operating Characteristic
(ROC) curve by varying the classification threshold, and the AUC measures the probability that a randomly
chosen positive instance is ranked higher than a negative one. We report per-class and macro-averaged AUC
values. AUC is especially relevant for exoplanet classification because it evaluates the model’s ability to
rank candidates correctly regardless of the specific threshold chosen, which is crucial for creating prioritized

target lists for follow-up observations where resources are limited.

* Confusion Matrix: A tabular representation of prediction outcomes for each class, providing insights into
specific misclassification patterns. For instance, confusion between CANDIDATE and FALSE POSITIVE
often indicates astrophysical or instrumental similarities. The confusion matrix is particularly informative
in our multimodal context as it reveals whether our fusion of tabular metadata, temporal patterns, and graph
relationships helps distinguish between the challenging boundary cases that single-modality approaches

typically confuse [34].
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The combination of these metrics ensures that we capture not only raw predictive accuracy but also the trade-
offs between precision and recall, the robustness of decision thresholds, and the qualitative nature of model errors.
This comprehensive evaluation framework is essential for demonstrating that our multimodal approach provides
genuine improvements in exoplanet classification reliability, which directly translates to more efficient astronom-

ical surveys and better scientific outcomes [7].

5. Results

This section presents a comprehensive evaluation of the proposed PlanetNet-MMG framework, comparing
its performance with established baseline models and providing detailed insights into its predictive behavior.
The experiments are conducted following the setup described in Section 4, with evaluation metrics defined in

Section 4.2.

5.1. Overall Performance Metrics

PlanetNet-MMG consistently demonstrates strong generalization across all evaluation criteria. Table 2 sum-
marizes the best performance metrics achieved during training. The model reaches a peak accuracy of 90.40 %
at epoch 90, with high precision and recall values indicating a balanced performance across classes. The average
AUC of 0.973 underscores the model’s robust discriminative power [51].

Table 2: PlanetNet-MMG performance on held-out test set (mean & 95% CI, 5 independent runs, 90 epochs each).

Metric Mean | 95% CI (4) Mean
Accuracy 88.27% 0.47% 88.58% (seed 99)
Precision (Weighted) 86.87% 0.72% 87.33% (seed 99)
Recall (Weighted) 88.27% 0.47% 88.58% (seed 99)
F1-Score (Weighted) 87.1% 0.73% 87.56% (seed 99)
AUC — CANDIDATE 0.938" - -

AUC — CONFIRMED 0.984" - -

AUC — FALSE POSITIVE | 0.980° - -
Average AUC 0.9669 0.0010 0.9676 (seed 42)
ECE ({) 0.0191 0.0071 0.0140 (seed 99)
Brief Score (]) 0.1538 0.0031 0.1521 (seed 99)

* Per-class AUC reported from best-performing seed (seed 99). Add + CI once per-class values
are extracted from all 5 seeds.

The minimal variance across epochs indicates that the model converges to a stable and well-generalized deci-

sion boundary, rather than overfitting to the training data [47].

5.1.1. Epoch Selection and Generalization Behavior

The selection of the optimal training epoch is guided by an analysis of model generalization behavior rather
than peak training accuracy alone. In the early training phase, the model exhibits characteristics of underfitting,
reflected by steadily improving accuracy and AUC as the multimodal encoders learn meaningful representations
from tabular, temporal, and graph-based inputs. During this stage, the decision boundaries remain relatively

coarse, and both training and validation metrics increase in parallel.
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As training progresses beyond the mid-epoch range, performance improvements become more gradual and
eventually stabilize, as summarized in Table 4. This stabilization indicates convergence toward a well-generalized
solution, where additional training yields diminishing returns. The optimal epoch is selected based on the joint
criterion of high validation performance and consistency across evaluation metrics, including accuracy, class-wise
AUC, and confidence distribution. In particular, the selected epoch corresponds to a region where the validation
AUC remains stable while the gap between training and validation performance remains minimal.

The absence of sharp performance fluctuations across later epochs suggests that PlanetNet-MMG does not
exhibit high variance or sensitivity to noise. This behavior is further reinforced by the use of early stopping,
dropout regularization, and weight decay, which collectively constrain model complexity and prevent overfitting.
Conversely, the strong performance achieved after sufficient training confirms that the model does not suffer from
high bias, as it successfully captures complex nonlinear relationships across modalities. These observations are

consistent with established principles of generalization in deep learning models [52, 50].

5.2. Lightcurve Classification Example

Figure 3 illustrates the classification of a confirmed exoplanet (KIC 10797460). The normalized Kepler
lightcurve reveals periodic transit dips at roughly 20-day intervals, a hallmark of a transiting exoplanet [1].

PlanetNet-MMG assigns a 94% probability to the CONFIRMED class for this example.

Normalized & Cleaned - KIC 10797460
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Figure 3: Example classification for KIC 10797460. Periodic flux dips (highlighted by red dashed lines) correspond to planetary transits,
which are accurately detected and classified with high confidence by PlanetNet-MMG.

This example demonstrates the model’s capability to detect subtle transit signals even in the presence of pho-

tometric noise [8, 46].

5.3. Model Confidence Analysis

In addition to accuracy and AUC, we evaluate the reliability of the classifier by analyzing its prediction confi-

dence scores. Confidence here refers to the maximum softmax probability assigned by the model to any predicted

23



class. A well-calibrated model produces high confidence scores for correct predictions and lower scores for un-
certain or potentially incorrect predictions [53].

Figure 4 presents the distribution of confidence scores for all test set predictions. The histogram reveals
that more than 75% of predictions have confidence values exceeding 0.9, indicating that the decision boundaries
learned by PlanetNet-MMG are sharp and decisive. This high concentration of confident predictions suggests that

the model is not only accurate but also certain about its classifications in most cases.

(a) Distribution of Model Confidence Scores
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Figure 4: Distribution of model confidence scores across all test predictions. The high concentration of scores above 0.9 indicates strong
certainty in the model’s outputs, while the small proportion of low-confidence cases highlights instances of intrinsic ambiguity.

Furthermore, the tail of the distribution, consisting of predictions with confidence below 0.7, primarily corre-
sponds to instances from the CANDIDATE and FALSE POSITIVE classes where observational features are inher-
ently ambiguous. This aligns with the confusion matrix analysis (Section 5.6), which shows that misclassifications
most frequently occur between these two classes.

The presence of a small proportion of low-confidence predictions is not necessarily undesirable—it indicates
that the model is capable of expressing uncertainty when the input data does not strongly match the learned class
patterns [38]. Such calibrated uncertainty can be exploited in downstream applications, such as active learning
pipelines or human-in-the-loop vetting systems, where low-confidence cases can be flagged for expert review [7].

In practical astrophysical workflows, the high proportion of high-confidence predictions is valuable for priori-
tizing follow-up observations. For example, a telescope scheduler could preferentially target candidates with both
high predicted probability and high confidence, thereby optimizing resource allocation [31].

To quantitatively assess calibration reliability, we compute two standard metrics across five independent runs.

The Expected Calibration Error (ECE), computed using 15 equal-width confidence bins, yields ECE = 0.0191 +
24



0.0071 (mean + 95% CI). This indicates a mean absolute gap of less than 2% between predicted confidence and
empirical accuracy — confirming that PlanetNet-MMG’s probability estimates are well-calibrated. The multi-
class Brier Score, defined as the mean squared error between the predicted probability vector and the one-hot
ground-truth label, yields 0.1538 + 0.0031. For reference, a random classifier on a balanced three-class prob-
lem achieves a Brier Score of approximately 0.667; our score of 0.154 reflects strong probabilistic accuracy. A
reliability diagram showing per-class calibration curves is provided in Figure 5, offering visual confirmation that
predicted probabilities align closely with empirical class frequencies across all three categories (CONFIRMED,

CANDIDATE, FALSE POSITIVE).

Reliability Diagram (5-Seed Mean = 95% Cl)
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Figure 5: Reliability diagram showing per-class calibration curves. The proximity of each class curve to the diagonal (perfect calibration)
confirms well-calibrated probability estimates, quantified by ECE = 0.0191 =+ 0.0071 and Brier Score = 0.1538 £ 0.0031 (mean £ 95% CI, 5
seeds).

5.3.1. Bias—Variance Trade-Off Analysis

The bias-variance trade-off provides a useful framework for interpreting the generalization behavior of PlanetNet-
MMBG. High bias would manifest as systematic misclassification across classes and uniformly low confidence
predictions, whereas high variance would be indicated by unstable performance across training epochs and overly

confident but inconsistent predictions on unseen data. The empirical results suggest that PlanetNet-MMG achieves
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a balanced trade-off between these two extremes.

The confidence distribution analysis (Figure 4) shows a strong concentration of high-confidence predictions,
indicating that the model learns well-defined decision boundaries rather than underfitting the data. At the same
time, the presence of a limited number of low-confidence predictions—primarily associated with the CANDIDATE
class—suggests that the model appropriately expresses uncertainty in inherently ambiguous cases rather than
overfitting noisy patterns. This behavior is further supported by the stability of class-wise AUC values across a
wide range of training epochs 4, which indicates low variance and robust generalization.

The multimodal design of PlanetNet-MMG plays a critical role in regulating this trade-off. Temporal modeling
through the PatchGRU-VIiT encoder reduces bias by capturing fine-grained transit morphology, while the Graph
PARE module mitigates variance by smoothing predictions across astrophysically similar candidates. The Tabular
Transformer further stabilizes learning by embedding physically meaningful stellar parameters into a shared repre-
sentation space. Together, these components enable PlanetNet-MMG to generalize effectively without collapsing
to majority-class predictions or exhibiting excessive sensitivity to noise, aligning with established principles of

statistical learning theory [52].

5.4. Embedding Space Visualization

To analyze the structure of the learned multimodal representation space, we employ t-distributed Stochas-
tic Neighbor Embedding (t-SNE) for dimensionality reduction and visualization. The primary objective of this
analysis is not global variance preservation but the qualitative assessment of local neighborhood separability be-
tween CONFIRMED, CANDIDATE, and FALSE POSITIVE classes. Unlike linear techniques such as Principal
Component Analysis (PCA), which emphasize global variance and often fail to reveal class boundaries in com-
plex nonlinear embeddings, t-SNE is specifically designed to preserve local similarity relationships from high-
dimensional spaces [32]. Alternative nonlinear methods such as Uniform Manifold Approximation and Projection
(UMAP) prioritize global manifold structure and continuity [33], which is advantageous for large-scale topology
analysis but less effective for visualizing fine-grained class overlap and boundary regions. Since the goal of this
visualization is to examine discriminative separation and ambiguity-particularly for the CANDIDATE class that
naturally lies between CONFIRMED and FALSE POSITIVE samples-t-SNE provides a more informative rep-
resentation of class-conditional clustering. This choice aligns with prior machine-learning-driven astrophysical
studies where t-SNE has been widely adopted to interpret latent embedding spaces learned by deep neural net-
works [4]. To further understand the discriminative capacity of PlanetNet-MMG, we analyze the structure of the
learned representation space by projecting the 192-dimensional fused embeddings into a two-dimensional space
using t-distributed Stochastic Neighbor Embedding (t-SNE) [32]. The t-SNE algorithm preserves local neighbor-
hood relationships from the high-dimensional space, allowing visual inspection of how well different classes are
separated in the model’s latent space.

The resulting 2D projection is shown in Figure 6. The visualization reveals a significant class distribution

imbalance, with CONFIRMED samples comprising approximately 60-65% of the dataset, FALSE POSITIVE samples
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accounting for 30-35%, and CANDIDATE samples representing only 5-10%. We observe three primary clusters

corresponding to the different classes:

* CONFIRMED: Forms multiple compact and dense clusters, predominantly occupying the lower portion
and right side of the projection space. The well-separated clustering indicates that the model learns highly
consistent representations for this class, reflecting the distinctive and well-defined transit features typically
associated with confirmed exoplanets [49]. The presence of several distinct sub-clusters suggests that con-

firmed planets may exhibit different but recognizable patterns in their multimodal signatures.

» FALSE POSITIVE: Appears as a relatively tight, cohesive cluster concentrated in the upper-central region
of the embedding space. This dense clustering suggests that instrumental artifacts or astrophysical false
positives share common patterns in the feature space, enabling the model to effectively distinguish them

from genuine planetary signals [43].

* CANDIDATE: Despite being the minority class, these samples occupy strategically important intermediate
regions between the other two classes, with notable concentrations in boundary areas and some isolated
small clusters in the middle-right region. This scattered distribution reflects the mixed nature of candidate
signals, which often exhibit characteristics overlapping with both confirmed planets and false positives,

hence their intermediate positioning is astrophysically reasonable [45].

The clear separation between CONFIRMED and FALSE POSITIVE clusters demonstrates that the fusion of tab-
ular, temporal, and graph-based features enables the model to learn meaningful and highly separable represen-
tations [35]. The substantial class imbalance observed in the visualization aligns with the natural distribution of
exoplanet validation outcomes, where confirmed detections represent the majority of processed candidates after
thorough vetting procedures.

Meanwhile, the strategic positioning of CANDIDATE samples in boundary regions provides valuable insights
into the model’s uncertainty handling. These samples often represent genuinely ambiguous cases that require
additional observational data or more sophisticated analysis techniques for definitive classification.

Such visualizations serve not merely as qualitative checks—they can also guide targeted model improvements.
For instance, the scattered distribution of CANDIDATE points suggests that incorporating additional discriminative
features, implementing class-balanced training strategies, or fine-tuning the model on ambiguous samples could
further improve classification boundaries [33] and address the inherent class imbalance.

Interpretation of Components: The axes labeled Component 1 and Component 2 correspond to the two
dimensions obtained after applying t-SNE to the model’s 192-dimensional fused embedding space. These com-
ponents are not physical astrophysical parameters, but abstract coordinates preserving the relative similarity struc-
ture from the original high-dimensional space. Points in close proximity represent samples with similar learned
feature representations, whereas points farther apart are more dissimilar. The clear clustering of CONFIRMED,

CANDIDATE, and FALSE POSITIVE classes, combined with the observed class distribution patterns, demonstrates
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Figure 6: t-SNE projection of the 192-dimensional multimodal embeddings. Distinct clustering of CONFIRMED (orange) and FALSE POSITIVE
(green) classes indicates high separability, while CANDIDATE (blue) samples form an intermediate cluster due to their overlapping characteris-
tics with both classes. The visualization reveals a significant class imbalance with confirmed planets (60-65%), false positives (30-35%), and
candidates (5-10%).

that PlanetNet-MMG successfully learns discriminative, class-specific embeddings while effectively handling the

natural imbalance inherent in exoplanet validation datasets [37].

5.5. Receiver Operating Characteristic (ROC) Analysis

The Receiver Operating Characteristic (ROC) curve is a widely used diagnostic tool for evaluating the trade-off
between the True Positive Rate (TPR, or sensitivity) and the False Positive Rate (FPR, or 1— specificity) across
different decision thresholds [51]. The Area Under the Curve (AUC) summarizes the ROC curve into a single
scalar [50], where a value of 1.0 indicates perfect class separability and 0.5 represents random guessing.

Figure 7 presents the one-vs-rest ROC curves for each of the three classes in our classification task:

* CANDIDATE: Achieves an AUC score of 0.94, which is excellent given the inherent difficulty of this cat-
egory. Candidate signals often share partial characteristics with both confirmed planets and false positives,

making them harder to classify with high certainty [25].

¢ CONFIRMED: Achieves an AUC of 0.99, reflecting the model’s strong ability to detect well-defined transit

patterns and distinctive astrophysical signatures of validated exoplanets [49].

¢ FALSE POSITIVE: Also achieves an AUC of 0.99, demonstrating that PlanetNet-MMG effectively iden-

tifies noise patterns, stellar variability, and instrumental artifacts that mimic planetary transits [43].
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The consistently high AUC scores across all categories confirm that the decision boundaries learned by the

model are both robust and generalizable. This indicates that the multimodal fusion of tabular, temporal, and graph-

based features enables the model to maintain high discriminative power even for challenging boundary cases [36].
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Figure 7: One-vs-rest ROC curves for CANDIDATE, CONFIRMED, and FALSE POSITIVE classes. The high AUC values (0.94-0.99) demonstrate
exceptional discriminative performance across all categories, validating the effectiveness of the multimodal fusion strategy.

While global metrics such as accuracy and AUC provide valuable performance summaries, they do not re-

veal the distribution of classification errors across classes. The (Figure 8) offers a more granular perspective by

explicitly showing the number of correct and incorrect predictions for each category.

The strong diagonal dominance in the matrix reflects the model’s high precision and recall across all classes.

Specifically:

* CONFIRMED planets exhibit the highest classification reliability, with a precision exceeding 96% and

minimal misclassification into the other two categories. This is consistent with their distinctive transit

signatures and high-quality supporting metadata [1].

* FALSE POSITIVE instances are also well-identified, benefiting from the model’s ability to learn artifact

patterns from both lightcurve morphology and contextual metadata [3]. However, a small proportion are

misclassified as CANDIDATE, typically when the transit signal exhibits borderline astrophysical plausibility.

» CANDIDATE examples present the greatest classification challenge, as they inherently share characteristics

with both confirmed planets and false positives. This results in a notable fraction being misclassified—=8.2%

as FALSE POSITIVE and 4.6% as CONFIRMED.
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These error patterns are astrophysically reasonable: the CANDIDATE class represents signals that are under
investigation, often having incomplete follow-up observations or marginal signal-to-noise ratios. The confusion
primarily between CANDIDATE and FALSE POSITIVE aligns with the observed lower AUC for CANDIDATE (0.94)

in the ROC analysis [54].
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Figure 8: Confusion matrix for the three-class classification task. The dominant diagonal indicates strong classification performance, with
most errors occurring between CANDIDATE and FALSE POSITIVE categories due to their observational similarities and borderline transit
signatures.

5.6. Comparative Performance Analysis

A direct, epoch-by-epoch comparison of PlanetNet-MMG with five strong baseline models—Astronet [5],
ExoNet [10], OsbornNet [10], GCN (Lu) [15], and ExoMiner [49]—is presented in Figures 9a and 9b. These
plots track the evolution of test accuracy and average AUC across 10 to 100 training epochs.

In the accuracy comparison (Figure 9a), PlanetNet-MMG maintains a consistent lead over all baselines.
While certain models such as OsbornNet and ExoMiner achieve competitive results in the mid-to-late training
stages, they plateau earlier and fail to match the continued improvement observed in PlanetNet-MMG between
epochs 50 and 90. This trend highlights the training stability and capacity for long-term generalization afforded
by the multimodal design [55].

The AUC comparison (Figure 9b) reinforces this advantage. AUC, being insensitive to class imbalance, is a
strong indicator of ranking quality and decision boundary robustness. Here, PlanetNet-MMG consistently main-
tains high macro-averaged AUC values from early epochs onward, reaching 0.973 between epochs 60—100. This
consistency is especially important for astrophysical vetting, where false positives can incur significant observa-

tional costs [43].
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Single-modality baselines such as Astronet (lightcurve-only) [5] and GCN (Lu) (graph-only) [15] lag signif-
icantly behind in both accuracy and AUC, underscoring the critical role of multimodal fusion [35]. By combin-
ing tabular astrophysical parameters, temporal lightcurve morphology, and graph-based contextual information,
PlanetNet-MMG mitigates the blind spots inherent in unimodal models.

Overall, these comparisons validate that the hybrid architecture of PlanetNet-MMG not only achieves superior
peak performance but also exhibits a smoother and more reliable training trajectory—an essential property for

deployment in real-world, continuously updating exoplanet detection pipelines [56].

5.7. Detailed Baseline Comparison

Table 3 provides an epoch-wise breakdown of classification accuracy and macro-averaged AUC for all evalu-
ated models from epoch 10 through epoch 100. This comprehensive view highlights both the peak performance
of each architecture and the trajectory of improvement across training.

PlanetNet-MMG consistently outperforms all baseline methods in both accuracy and AUC at every evaluated
epoch. Notably, the performance gap becomes increasingly pronounced after epoch 50, a phase where the fusion
layers in PlanetNet-MMG have converged sufficiently to exploit complementary information from the tabular,
lightcurve, and graph modalities [34].

From the early stages (epoch 10), PlanetNet-MMG starts with a macro-AUC of 0.953, already surpassing
all baselines—including the strong tabular+lightcurve approach of ExoNet (AUC = 0.8301) [10] and the high-
resolution centroid model OsbornNet (AUC = 0.8499). While some baselines, such as OsbornNet and Ex-
oMiner, gradually improve over time, their performance plateaus earlier (around epochs 50-70) and does not
match PlanetNet-MMG’s sustained gains.

Graph-only (GCN Lu) [15] and lightcurve-only (Astronet) [5] models show the weakest performance, under-
scoring the limitations of unimodal approaches. These results reinforce that combining astrophysical metadata
with sequential lightcurve morphology and graph-based relational embeddings allows the classifier to capture a
richer and more discriminative representation space [54].

The macro-AUC stability between epochs 60-100 (remaining at 0.973) indicates that PlanetNet-MMG reaches
a high level of generalization without overfitting. This stability is particularly valuable for operational deployment,
where consistent performance over retraining cycles is essential [23].

These results confirm that the proposed multimodal design not only achieves the highest peak metrics but also
sustains superior performance across the entire training cycle. This robustness is particularly critical in practical

astronomical workflows where retraining is necessary as new observational data becomes available [46].

5.8. Performance Progression of PlanetNet-MMG

Table 4 summarizes the epoch-wise evolution of PlanetNet-MMG’s key performance metrics, including ac-
curacy, precision, recall, F1-score, and per-class AUC. The results clearly show a strong upward trajectory in the

early training phases (epochs 10-40), followed by a performance plateau between epochs 60 and 90. This indicates
31



Model Accuracy vs Epochs Model AUC vs Epochs

1.0 5
0.9 + = s N
= H
-
L
/ 0.9 4 e e ——s.
‘s —  —— R —
0.8 1 N .\l\\“o _—
. 'y —— p—
e, p \(VAQVA”\ - k
—s -
~_—_
0.7 4 =
Model Model
—e— Astronet » —— Astronet
bl —s— ExoNet . 5 074 —— ExoNet
8
5 0.6 4 —e— OsbornNet @ —— OsbornNet
§ —e— GCN (Lu) . g —— GCN (Lw)
—e— ExoMiner < 064 —— ExoMiner
. PlanetNet-MMG : —— PlanetNet-MMG
) L
] . —_
—
—
051
0.4+
O/
L
/ _— o4
0.3 d 3
20 40 60 80 100 20 40 60 80 100
Epoch Epoch
(a) Accuracy comparison (b) AUC comparison

Figure 9: Epoch-wise performance comparison between PlanetNet-MMG and baseline models. (a) Test accuracy progression showing steady improvement and higher peak performance for PlanetNet-MMG. (b) Average
AUC scores highlighting superior decision boundary robustness across training.
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Table 3: Comprehensive performance comparison across training epochs. Bold values indicate the highest metric for a given epoch.

Epoch Astronet ExoNet OsbornNet GCN (Lu) ExoMiner PlanetNet-MMG
Acc AUC Acc AUC Acc AUC Acc AUC Acc AUC Acc AUC
10 0.8508 0.5228 | 0.7495 0.8301 | 0.8742 0.8499 | 0.3827 0.4651 | 0.8787 0.8264 | 0.8661 0.953
20 0.7757 0.5169 | 0.7515 0.8592 | 0.8759 0.8747 | 0.3468 0.5774 | 0.8783 0.8370 | 0.8784  0.960
30 0.7009 0.5270 | 0.7519 0.8699 | 0.8848 0.8904 | 0.2914 0.4519 | 0.8783 0.8667 | 0.8792  0.963
40 0.7234 0.5145 | 0.7656 0.8804 | 0.8867 0.8971 | 0.4123 0.4892 | 0.8801 0.8783 | 0.8885 0.970
50 0.7780 0.5196 | 0.7838 0.8910 | 0.8926 0.9038 | 0.5594 0.5210 | 0.8838 0.8899 | 0.8821 0.970
60 0.7456  0.5089 | 0.7791 0.8923 | 0.8934 0.9056 | 0.3789 0.4234 | 0.8825 0.8834 | 0.8997 0.973
70 0.7617 0.5112 | 0.7808 0.8957 | 0.8946 0.9095 | 0.3016 0.3609 | 0.8827 0.8795 | 0.8985 0.973
80 0.7889 0.5234 | 0.7923 0.8981 | 0.8951 09112 | 0.4567 0.5123 | 0.8834 0.8856 | 0.8994  0.973
90 0.8045 0.5287 | 0.7945 0.8995 | 0.8948 0.9134 | 0.5234 0.6234 | 0.8829 0.8867 | 0.9040  0.973
100 0.8127 0.5308 | 0.7961 0.9005 | 0.8943 0.9163 | 0.6188 0.7119 | 0.8831 0.8873 | 0.9023  0.973

that the model achieves stable convergence without the need for prolonged training, making it computationally
efficient for deployment in real-time or batch processing scenarios [4].

From epoch 10 onward, PlanetNet-MMG already demonstrates competitive performance with an average AUC
of 0.953, reflecting the early benefit of multimodal fusion [36]. By epoch 60, the average AUC stabilizes at 0.973,
where it remains consistently high through epoch 100. Accuracy follows a similar trend, peaking at 90.40% at
epoch 90, with only negligible variation afterwards.

Class-wise AUC analysis reveals:

* Confirmed (Co): Maintains a near-perfect AUC of 0.99 from epoch 40 onward, reflecting the distinct transit

patterns and high signal-to-noise in confirmed planet data [49].

* False Positive (FP): Also achieves 0.99 AUC after epoch 50, indicating the model’s ability to accurately

recognize spurious transit-like events from instrumental or astrophysical sources [43].

» Candidate (C): Shows the largest relative improvement, rising from 0.90 AUC at epoch 10 to 0.94 AUC by
epoch 60. This steady increase suggests that the model incrementally learns to distinguish borderline cases

as training progresses [25].

The progression profile also illustrates the advantage of early stopping: with stability achieved by epoch 60,
additional training provides minimal gains but increases computational cost. In operational contexts, retraining to
this convergence point ensures optimal resource usage without sacrificing classification quality [12].

Note: C = Candidate, Co = Confirmed, FP = False Positive.

5.9. Ablation Study

To systematically assess the contribution of individual modalities in PlanetNet-MMG, we perform a compre-
hensive ablation study in which key encoder components are selectively removed while keeping the remaining
architecture, training protocol, and evaluation settings unchanged. This analysis is designed to isolate the roles of
structured stellar metadata, temporal lightcurve modeling, and graph-based relational context in exoplanet candi-

date classification.
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Table 4: Detailed progression of PlanetNet-MMG performance metrics across training epochs. Bold values indicate the highest metric
achieved.

Epochs | Accuracy | Precision | Recall | F1 Score | AUCs (C/Co/FP) | Avg AUC
10 0.8661 0.8529 | 0.8661 | 0.8568 0.90/0.98/0.98 0.953
20 0.8784 0.8649 | 0.8784 | 0.8672 0.91/0.9870.99 0.960
30 0.8792 0.8645 | 0.8792 | 0.8623 0.92/0.9870.99 0.963
40 0.8885 0.8780 | 0.8885 | 0.8799 0.93/0.99/0.99 0.970
50 0.8821 0.8713 | 0.8821 | 0.8731 0.93/0.99/70.99 0.970
60 0.8997 0.8940 | 0.8997 | 0.8957 0.9470.9970.99 0.973
70 0.8985 0.9056 | 0.8985 | 0.9011 0.94/0.99/0.99 0.973
80 0.8994 0.8980 | 0.8994 | 0.8986 0.94/0.99/0.99 0.973
90 0.9040 0.9023 | 0.9040 | 0.9028 0.94/0.99/0.99 0.973
100 0.9023 0.9037 | 0.9023 | 0.9029 0.94/0.99/0.99 0.973

Table 5 presents the ablation results using macro-averaged evaluation metrics. The full PlanetNet-MMG
model, integrating the Tabular Transformer (TT), PatchGRU-ViT temporal encoder (P), and Graph PARE module
(G), achieves the best overall performance with an accuracy of 90.4% and a macro-averaged ROC-AUC of 0.973.
These results confirm the effectiveness of multimodal fusion for robust and reliable exoplanet candidate vetting.

When the Graph PARE encoder is removed while retaining tabular and temporal components (TT + P), the
model maintains a comparable overall accuracy but exhibits a noticeable decline in macro recall. This behav-
ior indicates that relational context contributes primarily to stabilizing predictions, particularly for minority and
borderline cases, rather than directly improving majority-class accuracy. Such findings are consistent with prior
graph-based exoplanet studies, which report that relational modeling enhances robustness without replacing pri-
mary signal representations [42, 15].

In contrast, removing both the Tabular Transformer and Graph PARE modules, leaving only temporal lightcurve
modeling (P only), results in a complete collapse of class discrimination. The model degenerates to predicting the
dominant CANDIDATE class for all samples, yielding a macro-averaged ROC-AUC of 0.50 and near-zero recall
for the CONFIRMED and FALSE POSITIVE classes. This outcome demonstrates that temporal morphology alone
is insufficient to resolve astrophysical ambiguities inherent in exoplanet detection, aligning with known limitations
of unimodal lightcurve-based classifiers [39, 40].

A symmetric failure mode is observed when the temporal encoder is removed while retaining tabular and
graph-based encoders (TT + G). Despite access to structured stellar parameters and relational context, the absence
of transit morphology information again leads to degenerate predictions and random-level performance. This
result highlights that neither tabular metadata nor graph-based contextual reasoning can compensate for the loss
of physically meaningful temporal signals encoded in photometric time-series data.

Overall, the ablation study provides strong empirical evidence that all three modalities are necessary and com-
plementary. Temporal lightcurve dynamics supply the primary discriminative signal, while tabular astrophysical
metadata and graph-based relational context act as critical stabilizers that prevent degenerate solutions and enhance

generalization. These findings strongly justify the multimodal design of PlanetNet-MMG and are consistent with
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established principles in multimodal machine learning [34].

Table 5: Ablation study of PlanetNet-MMG showing the contribution of each modality. TT: Tabular Transformer, P: PatchGRU-ViT
temporal encoder, G: Graph PARE.

Model Precision | Recall

Variant Accuracy (Macro) | (Macro) AUC
Full PlanetNet-MMG

(TT + P + G) 0.904 0.902 0.904 0.973
w/o Graph PARE

(TT + P) 0.910 0.850 0.820 0.975
w/o Tabular + Graph 0.560 0.190 0330 | 0.500
(P only)

w/o Temporal Encoder

(TT + G) 0.560 0.190 0.330 0.500

5.10. Scientific Implications and Framework Analysis

The experimental results strongly support the effectiveness of the proposed PlanetNet-MMG architecture in ad-
dressing the multifaceted challenge of exoplanet classification. Unlike traditional single-view models, PlanetNet-
MMG integrates heterogeneous data modalities—structured astrophysical metadata, segmented lightcurve time
series, and relational stellar context—into a unified deep learning framework [35]. This multimodal fusion enables
a more holistic understanding of planetary transit events, yielding performance gains that are both statistically sig-
nificant and scientifically interpretable [38].

A core innovation lies in the PatchGRU-VIiT pipeline. The PatchGRU mechanism divides each lightcurve into
ten uniform temporal patches, which are processed sequentially by a GRU cell [11], capturing short-term dynamics
within each segment. This patch-wise sequential modeling is followed by a Vision Transformer (ViT) layer [29]
that attends across all patches, allowing the model to reason over long-range patterns in the flux curve. This hybrid
sequential-attentional approach outperforms classical CNN models [57], as it explicitly captures localized transit
dips and their global contextual relations, a limitation of convolutional filters.

Equally important is the Graph PARE module, which constructs an astrophysically meaningful graph over
the dataset using k-nearest neighbor similarity on tabular features. This graph is passed through a GCN [30] to
embed each object in the context of its astrophysical neighborhood—useful for correcting ambiguous cases or
reinforcing shared properties among similar stars. This form of relational learning addresses one of the most
overlooked dimensions in astronomical modeling: proximity not in physical space but in feature space [54].

Empirically, PlanetNet-MMG achieves 90.4% classification accuracy and 0.973 AUC across CONFIRMED,
CANDIDATE, and FALSE POSITIVE classes. Performance remains stable across training epochs beyond 60,
indicating convergence without overfitting [47]. AUC values are especially high for CONFIRMED and FALSE
POSITIVE classes (0.99 each), suggesting that the model excels at distinguishing these well-characterized groups.
The CANDIDATE class, with a slightly lower AUC of 0.94, reflects inherent ambiguity in this intermediate

category, consistent with known astrophysical uncertainties [25].
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Model confidence scores are well-calibrated, as evidenced by a distribution skewed toward high-confidence
predictions [53]. The confusion matrix confirms that most errors occur between CANDIDATE and FALSE POS-
ITIVE classes—an expected outcome given their observational overlap. In addition, the model is shown to detect
subtle transit signals in lightcurves that would be challenging for traditional algorithms, highlighting its sensitivity
to faint or noisy patterns [8].

From a scientific perspective, PlanetNet-MMG's success has broader implications. Its architecture is modular
and thus adaptable to upcoming missions such as PLATO, Roman, and LSST, where lightcurve lengths, sampling
cadences, and noise characteristics will vary [56]. The graph module is particularly promising for dynamic con-
textualization as more mission metadata becomes available. The model’s high precision and recall make it a strong
candidate for integration into automated vetting pipelines, enabling rapid candidate triage with minimal human
intervention [22].

However, some limitations remain. The training dataset is skewed toward Kepler data [1], introducing a risk
of domain bias. While the use of stratified sampling and class weighting mitigates class imbalance, the scarcity
of CONFIRMED samples remains a bottleneck. Fixed-length input sequences (100 timesteps) may also hinder
detection of long-period planets [26].

To address these challenges, several avenues of future work are proposed. Dynamic patch sizing, possibly via
adaptive temporal convolution or learned segmentation, could improve sensitivity to diverse orbital periods [24].
Transfer learning techniques could help generalize across missions with different instrumental characteristics and
noise profiles [19].

Domain adaptation represents a critical extension for cross-mission generalization. Adversarial training ap-
proaches that learn domain-invariant features while preserving mission-specific characteristics show promise for
transferring knowledge from Kepler data to future missions such as TESS, PLATO, and the Roman Space Tele-
scope [20]. Pre-training on simulated lightcurves from various instrumental configurations further enhances cross-
mission robustness by exposing the model to diverse noise characteristics and sampling cadences [16].

The current fixed-length constraint of 100 timesteps limits detection of long-period planets and utilization of
extended observation baselines. We propose exploring recurrent attention mechanisms or hierarchical temporal
modeling that process sequences of arbitrary length while maintaining computational efficiency [13]. Transformer
architectures with positional encodings adapted for astronomical time series present a particularly promising direc-
tion, as they naturally handle variable-length inputs [41] and can capture long-range dependencies across extended
observation campaigns [14].

Enhanced graph construction offers another avenue for improvement. The current k-nearest neighbor approach
could benefit from learned similarity metrics or physics-informed graph structures. Incorporating stellar evolu-
tionary tracks, galactic position, or observational campaign metadata into the graph topology would provide richer
contextual information and potentially improve classification performance for ambiguous cases [21].

Active learning integration represents a practical extension for operational deployment. The model’s well-
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calibrated confidence scores could guide human expert review by flagging low-confidence predictions for manual
inspection [25]. This human-in-the-loop approach would be particularly valuable for refining the CANDIDATE
class, where observational follow-up decisions carry significant resource implications [31].

Finally, extending the framework to incorporate additional data modalities shows promise. Integration of radial
velocity measurements, direct imaging data, or high-resolution spectroscopy could further enhance classification
accuracy and provide deeper astrophysical insights [18, 17, 27]. The modular architecture of PlanetNet-MMG
naturally accommodates such extensions through additional encoder branches in the multimodal fusion frame-
work [55].

These developments collectively position PlanetNet-MMG as a robust foundation for next-generation exo-
planet detection and characterization efforts, capable of adapting to evolving observational capabilities and scien-

tific requirements [23, 9].

5.11. Real-Time and Pipeline Applicability

Beyond achieving strong classification performance, PlanetNet-MMG is designed with practical deployment
considerations relevant to modern exoplanet discovery pipelines. Once trained, the framework performs inference
through a single forward pass across lightweight transformer, recurrent, and graph convolution layers, making it
computationally efficient for batch-level processing of large candidate catalogs. This enables its integration into
near-real-time or offline vetting pipelines used in missions such as Kepler and TESS, where rapid prioritization of
candidates is essential for efficient follow-up observations. In operational settings, PlanetNet-MMG can function
as a decision-support system rather than a fully autonomous replacement for existing pipelines. High-confidence
CONFIRMED predictions may be directly promoted for downstream analysis, while low-confidence or border-
line CANDIDATE cases can be flagged for human expert review. Such a human-in-the-loop strategy aligns with
current astronomical workflows, where automated models assist rather than replace scientific judgment, particu-
larly for ambiguous detections. The modular design of PlanetNet-MMG further enhances its adaptability to future
missions. Individual encoder components-tabular, temporal, or graph-based-can be retrained or fine-tuned to ac-
commodate mission-specific noise characteristics, cadence differences, or feature availability without redesigning
the full architecture. This flexibility makes the proposed framework suitable for upcoming large-scale surveys such
as PLATO and the Roman Space Telescope, where scalable, interpretable, and robust machine learning systems

will be critical for managing growing data volumes [2, 31].

6. Conclusion

This study presents PlanetNet-MMG, a novel multimodal deep learning framework that sets a new benchmark
in the field of automated exoplanet classification. By jointly leveraging structured astrophysical metadata through

a Tabular Transformer, sequential photometric signals via a PatchGRU-ViT module, and graph-based contextual
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relationships encoded through a Graph PARE block, the model achieves an impressive 90.4% classification ac-
curacy and 0.973 average AUC across CONFIRMED, CANDIDATE, and FALSE POSITIVE exoplanet classes.
This high performance is attained without compromising interpretability, a critical requirement in scientific appli-
cations. The core contribution of this work lies in the architectural innovation that enables meaningful fusion of
heterogeneous data modalities. Unlike traditional approaches that rely solely on lightcurve analysis or metadata,
PlanetNet-MMG integrates complementary views of exoplanet characteristics to produce a fused representation
that enhances generalization, robustness, and scientific reliability. This multimodal approach leads to consistent
superiority over leading baselines such as Astronet, ExoNet, and ExoMiner across all major evaluation metrics
and training durations.

Beyond performance, this work contributes interpretability tools and scientific insights through visualization
of latent embeddings (t-SNE), class-specific ROC curves, GRU activation dynamics, and model confidence his-
tograms. These diagnostics not only improve our understanding of model decisions but also reinforce alignment
with known astrophysical phenomena, such as the periodic nature of transit dips and the statistical traits of true
exoplanet candidates. The implications of PlanetNet-MMG extend far beyond the Kepler and TESS datasets used
in this study. As future missions like PLATO, the Nancy Grace Roman Space Telescope, and LSST generate
increasingly diverse and massive datasets, the need for scalable, explainable, and high-performance Al frame-
works becomes critical. The modular and extensible design of PlanetNet-MMG makes it well-positioned to serve
as a foundational pipeline for real-time vetting, candidate prioritization, and autonomous scientific discovery in
upcoming astronomical surveys. In conclusion, PlanetNet-MMG represents a significant advancement in the intel-
ligent automation of exoplanet discovery. It bridges the gap between deep learning capabilities and astrophysical
rigor, offering a powerful tool that not only classifies planetary candidates with high accuracy but also aids in
understanding their underlying physical and observational characteristics. As the search for habitable worlds and
Earth-like exoplanets accelerates, frameworks like PlanetNet-MMG are indispensable in transforming raw data

into scientific knowledge, accelerating humanity’s journey in exploring the universe.
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