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Abstract

Future direct-imaging flagship missions, such as NASA’s
Habitable Worlds Observatory (HWO), face critical decisions
in prioritizing observations due to extremely stringent time
and resource constraints. In this paper, we introduce two ad-
vanced machine-learning architectures tailored for predicting
biosignature species fluxes from exoplanetary reflected-light
spectra: a Bayesian Convolutional Neural Network (BCNN)
and our novel model architecture, the Spectral Query Adap-
tive Transformer (SQuAT). The BCNN robustly quantifies
both epistemic and aleatoric uncertainties, offering reliable
predictions under diverse observational conditions, whereas
SQuAT employs query-driven attention mechanisms to en-
hance interpretability by explicitly associating spectral fea-
tures with specific biosignature species. We demonstrate that
both models achieve comparably high predictive accuracy on
an augmented dataset spanning a wide range of exoplanetary
conditions, while highlighting their distinct advantages in un-
certainty quantification and spectral interpretability. These
capabilities position our methods as promising tools for ac-
celerating target triage, optimizing observation schedules,
and maximizing scientific return for upcoming flagship mis-
sions such as HWO.

1 Introduction

The field of exoplanet science is entering a new era of plan-
etary characterization, building on the legacy of Kepler,
which showed that small, sub-Neptune-size (R, < 4 Rg)
planets are common (Borucki et al. 2010). This suggests that
Earth-sized, potentially habitable worlds may be frequent,
making their detection and study a central priority for future
missions. NASA’s Habitable Worlds Observatory (HWO)
aims to directly image and spectrally characterize many po-
tentially habitable exoplanets in reflected light across the ul-
traviolet (UV), visible (VIS), and near-infrared (NIR). Be-
cause coronagraph observations capture only selected band-
passes and telescope time is scarce, efficient triage and pri-
oritization are essential: a precursor study projected up to
two years of observations merely to identify high-priority
detailed observation targets (Roberge and Moustakas 2018).
With the multi-billion-dollar costs of a flagship like HWO

Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

40362

and limited observing time, avoiding even a single 10-hour
observation that would not yield useful information repre-
sents a near million-dollar cost saving. Advancing these ca-
pabilities now will directly inform mission planning and ar-
chitecture, positioning artificial intelligence (AI) and ma-
chine learning (ML) as an operational capability from the
outset, initially in ground-based planning and triage, and
with a potential path to selective onboard use as flight com-
puting and verification mature.

Direct-imaging pipelines must translate partial spectra
into physically meaningful inferences about atmospheres
and surfaces (“retrieval”). Classical atmospheric retrieval
analysis techniques have emphasized chemical species
abundances and surface properties (Madhusudhan 2018), yet
abiotic photochemical and geological processes can produce
biosignature species leading to false-positive interpretations
(e.g., volcanic and hydrothermal activity producing abiotic
CHy). In contrast, biosignature fluxes, or the rates at which
biosignatures (e.g., O, and CHy) enter the environment, tie
observations to underlying sources and sinks (i.e., processes
that add or remove gases from a planet’s atmosphere, respec-
tively) (Schwieterman et al. 2018). Fluxes that exceed plau-
sible abiotic production offer stronger evidence for life than
abundances alone, but retrieving fluxes with traditional ap-
proaches is computationally prohibitive: 10*~10° forward-
model evaluations combined with minutes-per-simulation
photochemistry render end-to-end flux retrieval impractical.
Therefore, there is a practical need to accurately infer biosig-
nature fluxes from physically realistic reflected-light spectra
in a computationally efficient manner.

Robust uncertainty quantification (UQ) is central to
decision-making under low signal-to-noise ratio (SNR), in-
complete spectral coverage, and model misspecification.
Calibrated posteriors that capture epistemic and aleatoric un-
certainty give planners a quantitative basis to balance ob-
serving time against expected scientific return, allocating re-
sources only when the probability that a candidate’s gas flux
exceeds abiotic limits surpasses a risk-adjusted threshold.

We address these challenges with two complementary
models: (1) a Bayesian convolutional neural network
(BCNN), which places UQ at the core of prediction, and (2)
our novel query-based Transformer, the Spectral Query
Adaptive Transformer (SQuAT), which employs a com-



pact set of learnable, biosignature-specific query tokens
that cross-attend to the wavelength-encoded spectrum us-
ing absorption-region priors from the literature and incorpo-
rates physics-guided attention priors. Deterministic convo-
lutional neural network (CNN) and vision transformer (ViT)
baselines serve as references, and their Bayesian variants
propagate epistemic uncertainty via weight distributions and
Monte Carlo (MC) dropout. SQuAT’s query-driven at-
tention yields interpretable heatmaps and ViT-level ac-
curacy, while the BCNN delivers competitive accuracy
with strong uncertainty calibration. Predictions from both
models offer credible intervals for analyzing exoplanets,
ranking targets for biosignature detection probability and al-
locating scarce observation time.

To rigorously train and evaluate these methods, we ex-
pand the Frontier Development Lab’s (FDL) PyAtmos
corpus (Chopra et al. 2023) with non-modern-Earth-like
atmospheric grids and pair each self-consistent climate-
photochemistry simulation with a reflected-light spectrum
generated by the Planetary Spectrum Generator (PSG; Vil-
lanueva et al. 2018). The resulting dataset spans a wider
range of stellar types and surface—atmosphere states.

2 Related Works

We find prior literature establishes (i) ML-based retrieval
feasibility, (ii) adequate methods for robust uncertainty
quantification and interpretability, and (iii) query-specific at-
tention in other domains enabling structured, disentangled
outputs (Madhusudhan 2018; Soboczenski et al. 2018; Yip
et al. 2020; Carion et al. 2020). However, none integrate
all three for biosignature flux regression, motivating our
unified SQuAT framework.

Bayesian deep learning methods, including ensembles
and variational or dropout-based approximations, have im-
proved uncertainty calibration and parameter correlations
in retrieval tasks (Gal and Ghahramani 2016; Soboczenski
et al. 2018; Cobb et al. 2019). Studies show that embed-
ding domain structure can enhance both accuracy and in-
terpretability, but focus on static abundance or profile infer-
ence, not biosignature flux prediction.

For direct imaging, ML models have enabled rapid es-
timation of bulk atmospheric properties and triage of ter-
restrial analogs using albedo or photometric data (Johnsen
and Marley 2019; Pham and Kaltenegger 2022). These ap-
proaches focus on classification or coarse regression, not
multi-output flux prediction.

Interpretability methods reveal spectral models often at-
tend to molecular absorption bands (Yip et al. 2020; Fisher
et al. 2019). This supports architectures with built-in spec-
tral traceability, such as attention mechanisms aligned with
species-specific diagnostics.

Transformers use global self-attention for efficient se-
quence modeling (Vaswani et al. 2017). Query-based de-
coders, such as Detection Transformers (DETR), localize
structured outputs via fixed semantic tokens (Carion et al.
2020). Such designs remain unexplored in exoplanet re-
trieval, where prior work used shared output heads without
task-specific queries.
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3 Dataset

We build on PYATMOS, an open grid of ~125,000 1D cou-
pled photochemistry—climate simulations for an Earth ana-
log around the Sun (Chopra et al. 2023). Atmospheres with
surface temperatures exceeding ~320 K were excluded to
conservatively avoid regimes near the inner edge of the hab-
itable zone limit, where runaway greenhouse conditions are
expected (Kopparapu et al. 2014). As a result, we retain Ny,
= 77,882 conservative habitable states.

We extended the dataset to include Proterozoic Earth-like
scenarios that capture a broader atmospheric diversity of bi-
ologically active planets from an earlier period in Earth’s in-
habited history. We vary O,, CHy, and H,O on a logarithmic
grid from 1071 to 1072, producing ~1,500 self-consistent
equilibrated cases after removing unphysical mixtures (total
gas fraction > 1). The stellar spectrum is scaled for reduced
luminosity following Claire et al. (2012). Additionally, plan-
etary parameters (gravity, radius, orbital distance) are kept
fixed at Earth-like values. The surface pressure is 1 bar, CO,
and CO are fixed at 10~2 and 10~%, and N, serves as the
main background gas.

For non-habitable baselines, we systematically vary the
effective stellar flux received by modern Earth by reducing
incident stellar flux from 1.0 to 0.3 in steps of 0.02, yielding
36 simulations with subfreezing surfaces.

Each simulation provides altitude-dependent temperature,
pressure, and abundances, plus the net lower-boundary flux
(z = 0) for eight biosignature-relevant gases: O,, Oz, CHy,
N,0, CO,, H,0, CO, SO,. These signed fluxes (source >0,
sink <0) are the predictive targets.

We generate reflected-light spectra with PSG using each
case’s temperature—pressure and vertical abundance profiles.
Spectra span 0.2-2.5 pm (355 points within the UV-VIS-
NIR wavelength regions) at resolving power R = 140, re-
ported as planet—star contrast for an Earth-twin star—orbit
configuration. Instrumental noise is added downstream via
SNR augmentation (5-100). These spectra serve as inputs to
the learning pipeline.

We use 59,202/19,735/19,735 samples for train/val/test
and hold out 1,033 TRAPPIST-1e samples, generated with
the system’s spectral energy distribution and planetary pa-
rameters, for out-of-distribution evaluation.

We apply z-score normalization independently per wave-
length using training statistics. Targets y undergo a per-
species asinh transform, ' = asinh(y/f3), with 3 set to
the training 90th percentile of |y| for that species, stabilizing
heavy-tailed flux distributions.

We intend to open source this augmented dataset in the
near future.

4 Model Architectures

In this section, we explain the different model architectures
experimented with in our work. Our models take as input
raw reflected—light spectra, represented as a single-channel
sequence of 355 wavelength points, and the outputs are eight
biosignature fluxes, described in detail in Section 3.

For all models, we report point-estimation metrics includ-
ing the coefficient of determination (R2?), root-mean-squared



error (RMSE), and mean absolute error (MAE); mean
squared error (MSE) is used as the loss. For Bayesian or
MC-dropout models, we additionally assess predictive un-
certainty using coverage-based calibration (fractions within
410 and £20 of the predictive mean), sharpness (mean pre-
dictive standard deviation), the mean coefficient of variation
(std/|mean]|), and the correlation between predicted uncer-
tainty and absolute error. The final checkpoint is selected
via early stopping on validation MSE with a ReduceLROn-
Plateau scheduler. Model hyperparameters are optimized us-
ing a Bayesian algorithm to minimize validation loss, where
models presented herein use the best-performing configura-
tion. Development is conducted on a Linux system equipped
with a single NVIDIA Tesla V100 GPU (32 GB VRAM)
and Intel Xeon Platinum 8270 CPU (2.70GHz). Code was
developed using Python 3.11 and PyTorch 2.5, with relevant
packages detailed within the repository, which will be open-
sourced. Global random seed is set to 42 for reproducibility.

4.1 Convolutional and Bayesian Convolutional
Neural Networks

Our baseline is a lightweight 1D CNN. The backbone con-
sists of five ConvlD-ReLLU-MaxPool blocks (filters: 32,
64, 128, 256, 512; kernel sizes: 13, 11, 9, 7, 5), followed
by two fully connected layers (256 and 128 units, dropout
pp = 0.5) and a final linear output layer. We train for ~130
epochs using MSE loss with Adam (n = 1075, batch size
128, dropout pp = 0.5). The CNN serves as a lower-bound
reference for model performance.

The BCNN retains this architecture but replaces all con-
volutional and linear layers with Bayesian counterparts that
maintain Gaussian weight posteriors (Blundell et al. 2015),
and uses a heteroscedastic output head to jointly predict the
mean and variance for each biosignature (Kendall and Gal
2017). Training runs for ~140 epochs and minimizes an
MSE term plus a Kullback-Leibler (KL) regularizer on the
weight posteriors:

N
1 1 .
Liain = N § §Hyn - yn”% + 6KL(q9(W) ||p(W))7
n=1
(D

where [ scales the regularization strength. At inference,
T = 50 stochastic forward passes are used to estimate pre-
dictive means and decompose total uncertainty into epis-
temic and aleatoric components.

4.2 Spectral Query Adaptive Transformer

The SQuUAT model extends a ViT backbone (Dosovitskiy
et al. 2020) to better capture species-specific features in 1D
exoplanet spectra. Our ViT configuration uses an embedding
dimension D = 256, L, = 6 Transformer layers, h = 8
attention heads, MLP ratio = 4, and dropout pp = 0.2. The
spectrum is divided into overlapping patches (stride = 1),
embedded with positional encodings, and processed by this
stack of multi-head self-attention and feed-forward blocks.
SQuAT augments this design in three key ways. First,
it employs a multi-scale patch encoder with three parallel
convolutional branches (patch sizes 3, 5, and 10) to capture
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Figure 1: SQuAT model architecture.

both narrow molecular absorption lines and broader spec-
tral structures. The resulting features are concatenated and
projected to a D = 256-dimensional embedding before en-
tering a Transformer encoder (Le, = 6 layers, h = 8
heads, dropout pp = 0.2). Second, instead of a single
global output token, SQuAT introduces a set of K = 8
learnable biosignature queries, one per target species. These
queries attend to the encoded spectrum via multi-head cross-
attention, producing per-species embeddings. This use of a
fixed set of biosignature queries is conceptually related to
DETR’s “object queries” (Carion et al. 2020), but SQuAT
performs fixed-K per-species flux regression on 1D spectra
with physics-guided attention priors and omits Hungarian
matching and detection losses. To inject spectroscopic do-
main knowledge, each attention map is softly biased toward
known absorption bands for that species using

A'=(1-a)A+aP )

where A are the learned attention weights, P is a
biosignature-specific prior mask, and « € [0, 1] is a learn-
able mixing coefficient controlling the strength of prior in-
jection during training. Finally, a species interaction mod-
ule applies self-attention between the species embeddings to
capture interdependencies, followed by a lightweight MLP
head that produces a scalar flux prediction for each species.
A diagram of this architecture is presented in Figure 1.
Predictive uncertainty is estimated wusing MC
dropout (Gal and Ghahramani 2016): dropout remains
active at inference and 7' = 30 stochastic forward passes
yield the predictive mean and epistemic variance. SQuAT is
trained for ~35 epochs, while the ViT baseline is trained for
~50 epochs, and both use Adam (7 = 10~*, batch size 64).



5 Results
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Figure 2: SQuAT attention map. Top: reflected-light ex-
oplanet spectrum sample. Bottom: per-species attention
across wavelength, highlighting prominent regions for each
biosignature’s flux prediction. Red dashed boxes mark
canonical absorption bands. Attention is normalized per
species.

Figure 2 visualizes the attention weights of one exo-
planet sample learned by the SQuAT model across the input
wavelength range. Each row corresponds to a target biosig-
nature, with color intensity reflecting the relative impor-
tance assigned to each spectral region. Normalizing atten-
tion weights independently per biosignature enables com-
parison of intra-species focus without being dominated by
stronger species. Attention weight mapping enhances diag-
nostic analysis and transparency by revealing which parts of
the spectrum the model attends to when making predictions.

Figure 3 describes the Pearson correlation coefficients be-
tween prediction errors across all modeled species. Each
matrix entry quantifies the degree to which errors in one
species’ predicted flux are linearly associated with errors
in another. Notably, errors in predicting O, and CO, are
strongly anti-correlated (r —0.79), suggesting shared
spectral or model confusion. This analysis reveals poten-
tial dependencies or disentanglements in the model’s learned
representations across atmospheric species.

Figure 4a presents scatter plots of predicted versus true
biosignature flux values for four selected species—O,, O3,
CHy4, and H,O—as well as for all species aggregated. The
top row depicts results from the BCNN, while the bot-
tom row shows results from the SQuAT. For each model,
we compute R? as a measure of fit quality. Across all tar-
gets, SQuAT achieves higher R? scores, indicating stronger
agreement with ground truth. The dotted diagonal line rep-
resents perfect prediction.

Figure 4b displays predicted flux values with associated
95% credible intervals for each of four molecular species:
0,, O3, CHy, and H,O. Each subplot shows the true val-
ues sorted in ascending order on the x-axis, allowing for
clearer visualization of prediction fidelity and uncertainty
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Error Correlation Across Species
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Figure 3: Error correlation matrix across predicted biosig-
nature species. Each cell shows the Pearson correlation co-
efficient between the model prediction errors for a pair of
species. High positive values (red) indicate that errors tend
to co-occur in the same direction, while strong negative val-
ues (blue) suggest opposing error trends.

CNN
RMSE
0.917
0.439
0.246
0.184
0.175
0.164

BCNN
R?> RMSE
0.812 0.432
0.933 0.258
0.962 0.195
0.970 0.174
0.971 0.171
0.972 0.167

ViT
RMSE
0.415
0.247
0.179
0.136
0.131
0.122

SQuAT
R?> RMSE
0.747 0.502
0.924 0.274
0.970 0.174
0.979 0.144
0.981 0.139
0.982 0.134

RZ
0.827
0.939
0.968
0.982
0.983
0.985

R2
0.155
0.806
0.939
0.966
0.969
0.973

SNR
5
10
20
40
50
100

Table 1: R? and RMSE for models at selected target SNRs.

across the value range. The BCNN (top row) and the SQuAT
(bottom row) both achieve high R? scores, indicating accu-
rate performance. Notably, both models capture structured
uncertainty that varies with flux magnitude, and visually
track epistemic variability, particularly for more challenging
species like Os. Credible intervals are narrowest for well-
predicted regions and broaden with greater flux variability.
Table 1 reports R? and RMSE for CNN, BCNN, ViT, and
SQUAT across target SNRs (5-100). Scores improve with
SNR for all models. For SNR > 20, ViT and SQuAT dif-
fer by at most AR? < 0.003 and ARMSE < 0.013 (e.g.,
at SNR= 20: R? = 0.970 vs. 0.968, RMSE= 0.174 vs.
0.179), whereas at SNR= 5 the spread is larger (e.g., ViT
0.827/0.415 vs. SQuUAT 0.747/0.502; CNN 0.155/0.917).

6 Discussion

To assess whether the model has learned scientifically mean-
ingful associations between spectral features and biosig-
nature species, we visualize the learned attention weights
across the input spectrum for a single representative sam-
ple (Figure 2). Encouragingly, the model attends strongly to
wavelength regions that correspond to known molecular ab-
sorption features for most species. For instance, H,O atten-
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Figure 4: (a) Predicted versus true biosignature flux for four molecular species (O,, O3, CHy, H,O) and for all species combined.
(b) Corresponding model predictions with 95% credible intervals, with samples sorted by increasing true flux.

tion peaks align with established bands at 1.1 ym, 1.4 um,
and ~1.9 um (Rothman et al. 1998). CH,4 exhibits clear at-
tention near its strong absorption window at 2.3 pm, while
CO; focuses on features near 2.0 um. Importantly, the model
successfully captures the O, 0.76 um A-band, which is one
of the strongest, most accessible oxygen features for di-
rect imaging; detection of a pronounced A-band can indi-
cate substantial atmospheric O,, which on rocky planets is
often associated with oxygenic photosynthesis and poten-
tial biological activity (Schwieterman et al. 2018). How-
ever, the O, 1.27 um band receives only modest attention,
while that same region shows relatively strong attention for
CO,, which may contribute to their observed error correla-
tion (Figure 3). Interestingly, this is consistent with how re-
trieval methods like that used for the Total Carbon Column
Observatory Network use the 1.27 um O, band as a proxy for
total air column when inferring CO, columns (Bertaux et al.
2020), suggesting that while the model did not successfully
predict O, flux, it learned other scientifically relevant rela-
tionships embedded in this spectral region, such as its role as
a proxy for total atmospheric column, which can indirectly
inform CO, predictions. We also note partially overlapping
short-wave infrared attention for CHy and CO, in the 2.0—
2.3 um range, which may also contribute to correlated pre-
diction errors (Figure 3), though CO;’s strongest sensitiv-
ity remains closer to 2.06 um. Finally, we observe attention
patterns outside the conventionally highlighted absorption
bands, suggesting either error in the model, or identification
of additional subtle or blended spectral features that con-
tribute to its predictions. It is important to note that Figure 2
reflects the attention pattern for a single spectrum; if the
model pays little attention to a canonical absorption region
for a given molecule, it may simply indicate that the corre-
sponding species is absent or weak in that specific spectrum.

Figure 4a and Table 1 show high R? across species for
both BCNN and SQuAT. This close performance (R?
0.972 for BCNN and R? = 0.985 for SQuAT) on all-species
regression suggests that both models are near the represen-
tational ceiling given the SNR ratio and data complexity.
On all-species regression SQuAT is only marginally above
BCNN (0.985 vs. 0.972), and gaps are small for SNR> 20.
By design, these variants were not intended to raise point
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accuracy but to add capabilities. BCNN replaces determin-
istic layers with variational ones to quantify predictive un-
certainty, and SQuAT augments a ViT with gas-query cross-
attention and spectroscopic priors to expose species-aligned
attributions. Consistent with this intent, their point accu-
racy largely tracks the CNN/ViT baselines; the added value
is complementary to accuracy. BCNN provides predictive
distributions with credible intervals for risk-aware use, and
SQUuAT yields attention maps that localize the wavelengths
driving each prediction. Thus, even when R? and RMSE are
nearly indistinguishable, the models supply the quantified
uncertainty and interpretable attributions needed for trace-
able flux retrievals and observation planning.

The shape and magnitude of the 95% credible intervals
in Figure 4b provide insight into each model’s internal un-
certainty calibration. While both models show narrow bands
for well-constrained species like O, and CHy, the SQuUAT
appears to express sharper and more localized uncertainty,
potentially reflecting its attention-based structure and dis-
crete focus on relevant wavelengths. Conversely, the BCNN
shows smoother uncertainty profiles that may stem from
the global nature of convolutional filtering and weight-level
variational inference. These patterns suggest transformer-
based models might be better suited for uncertainty disen-
tanglement in spectrally entangled regimes, though further
calibration metrics would be needed to quantify this.

Our results highlight distinct strengths of the BCNN
and the SQuAT, each making them particularly suitable
for different operational and scientific priorities in exo-
planet biosignature flux prediction. The BCNN exhibits no-
table performance in terms of robust uncertainty quantifi-
cation, which is crucial in scenarios demanding reliability
under varied observational conditions. Its probabilistic na-
ture provides inherent flexibility to capture both aleatoric
and epistemic uncertainties. Thus, the BCNN is particu-
larly well-suited to mission planning phases where conser-
vative decision-making is necessary. For instance, it can sig-
nificantly contribute to preliminary prioritization of obser-
vational targets by efficiently identifying planetary atmo-
spheres with the greatest scientific potential, even under con-
ditions of limited data quality or incomplete spectral cov-
erage. The smoother uncertainty profile generated by the



BCNN (as observed in Figure 4b) also suggests potential
advantages for broader generalization across observational
regimes with varying noise levels.

In contrast, the SQuAT leverages a query-driven atten-
tion mechanism to explicitly disentangle molecule-specific
spectral features. This architectural choice enhances inter-
pretability, allowing scientists to directly associate predic-
tions with known molecular absorption bands. SQuAT’s
structured attention mechanism enables focused extraction
of spectral signals, making it particularly suitable for de-
tailed scientific analysis where understanding the specific
spectral drivers behind predictions is essential. The ability
to visualize per-molecule attention maps (as demonstrated
in Figure 2) provides valuable insight into the underlying
physics captured by the model, making SQuAT an excellent
candidate for exploratory data analysis and hypothesis gen-
eration. Furthermore, SQuAT’s multi-scale processing and
explicit incorporation of spectroscopic priors enhance its ro-
bustness to spectral overlap between molecules, increasing
confidence in disentangled flux estimations.

Interestingly, despite these differences in architecture and
interpretability, both models achieve comparable and excep-
tionally high predictive performance (Figure 4a and Table
1). This observation underscores an important point: while
architectural sophistication (as exemplified by SQuAT) pro-
vides significant interpretative and analytical advantages,
the simpler BCNN remains highly effective and may rep-
resent a preferable choice when computational resources
are constrained, or when interpretability is not the prior-
ity. Ultimately, the complementary strengths of SQuAT
and BCNN suggest an ensemble approach may address
the dual requirements of future flagship missions seeking
signs of habitability.

7 Limitations and Future Work

One main limitation for our models is the lack of real-world
observations. Presently, the vast majority of exoplanet spec-
tra come from the transit method, which is mainly success-
ful on planets significantly hotter than Earth and unlikely
to contain life as we know it (Stark et al. 2020). Addition-
ally, simulated data have their own limitations and biases.
For example, the Atmos simulation described in Section 3
does not properly converge at higher temperature regimes
(Virtual Planetary Laboratory 2025), and clouds and hazes
remain challenging to model realistically.

The scarcity of observational data necessitates compre-
hensive synthetic datasets. We will augment the dataset to
include a broader diversity of exoplanetary atmospheres and
incorporate emerging simulation capabilities as they become
available. A larger dataset also enables development of a
pre-trained foundation model, with biosignature flux predic-
tion as a downstream fine-tuning task.

Increasing model robustness at low SNR is a key prior-
ity, because practical applications must assume minimal sig-
nal quality. We will explore other Bayesian deep learning
approaches, integrate additional physics priors into learned
representations, and develop attention mechanisms that bet-
ter capture localized spectral dependencies while disentan-
gling overlapping molecular features.
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8 Path to Deployment

The Habitable Worlds Observatory (HWO) is envisioned
as NASA’s next flagship direct-imaging mission, designed
to detect and characterize Earth-sized exoplanets in the
habitable zones of nearby stars (Zurlo 2024). With its
enormous cost, finite mission lifetime, and extremely lim-
ited observing-time budget, HWO must maximize scien-
tific return from every observation. An Al-assisted decision
pipeline offers a compelling route to achieve this, and our
work represents a critical step toward this by demonstrat-
ing high-accuracy, uncertainty-aware biosignature flux in-
ference from realistic reflected-light spectra. Together, our
models satisfy two mission-critical Al requirements: risk-
aware decision-making and scientifically traceable predic-
tions.

To reach deployment, milestones are structured accord-
ing to the Technology Readiness Level (TRL) framework,
a systematic metric used by NASA and other space agen-
cies to assess status and operational readiness of mission
technologies (NASA 2016). Progress to lower-mid TRL in-
cludes advancing our models with increasingly realistic syn-
thetic spectra training data covering diverse planetary atmo-
spheres, surface types, clouds, and hazes. These are fine-
tuned on HWO-specific end-to-end simulations to incorpo-
rate realistic noise, coronagraph bandpasses, and throughput
models, ensuring hardware-resilient algorithms. To reach
higher TRL, simulations would quantify how Al-guided
prioritization improves science yield under realistic oper-
ational constraints like slew times and visibility windows.
Once validated, models can be deployed on the ground dur-
ing commissioning and early science operations, serving
as decision-support tools alongside human experts. Upon
achieving highest TRL, models can operate within the Sci-
ence Operations Center (SOC) for real-time observation
triage.

9 Conclusion

In this study, we introduced and evaluated two deep-learning
approaches for predicting exoplanet biosignature fluxes: a
BCNN and SQuAT. Both address key requirements of future
direct-imaging missions, including robust uncertainty quan-
tification and interpretability. The BCNN excelled at cap-
turing epistemic and aleatoric uncertainties, ideal for lim-
ited data scenarios. SQuAT, our novel model architecture,
provided superior interpretability through explicit attention
mechanisms aligned with biosignature absorption priors, fa-
cilitating exploratory analyses and hypothesis validation.

Both models exhibited comparably high predictive accu-
racy, reinforcing their potential as complementary compo-
nents within a unified analytical pipeline. Identified limita-
tions, such as spectral confusion between different biosig-
natures, highlight areas for improvement and establish a
need for broader observational scenarios and ensemble
methods that combine Bayesian inference with query-based
transformers. Overall, our findings highlight the significant
promise and flexibility of machine-learning approaches in
the search for habitable worlds and their role in maximizing
scientific yield from upcoming flagship missions.
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