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Abstract

Inverse problems are ubiquitous across many scientific fields, and involve the determina-
tion of the causes or parameters of a system from observations of its effects or outputs.
These problems have been deeply studied through the use of simulated data, thereby
under the lens of simulation-based inference. Recently, the natural combination of Con-
tinuous Normalizing Flows (CNFs) and Flow Matching Posterior Estimation (FMPE) has
emerged as a novel, powerful, and scalable posterior estimator, capable of inferring the
distribution of free parameters in a significantly reduced computational time compared to
conventional techniques. While CNFs provide substantial flexibility in designing machine
learning solutions, modeling decisions during their implementation can strongly influence
predictive performance. To the best of our knowledge, no prior work has systematically
analyzed how such modeling choices affect the robustness of posterior estimates in this
framework. The aim of this work is to address this research gap by investigating the
sensitivity of CNFs trained with FMPE under different modeling decisions, including data
preprocessing, noise conditioning, and noisy observations. As a case study, we consider
atmospheric retrieval of exoplanets and perform an extensive experimental campaign on
the Ariel Data Challenge 2023 dataset. Through a comprehensive posterior evaluation
framework, we demonstrate that (i) Z-score normalization outperforms min–max scaling
across tasks; (ii) noise conditioning improves accuracy, coverage, and uncertainty esti-
mation; and (iii) noisy observations significantly degrade predictive performance, thus
underscoring reduced robustness under the assumed noise conditions.

Keywords: atmospheric retrieval; deep learning; exoplanets; flow matching; generative
modeling; simulation-based inference

1. Introduction
Inverse problems arise across many scientific disciplines and involve inferring un-

known parameters or latent causes from observable data [1]. They are called inverse because
they reverse the usual forward direction of modeling, where we predict outcomes from
known parameters. Simulation-based inference (SBI) has become a popular framework for
solving such inverse problems by relying on a statistical model with unknown or uncertain
parameters [2] for which we want to estimate the corresponding posterior distribution,
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especially when the likelihood function is analytically intractable and computationally
unfeasible. Neural SBI methods have emerged as a powerful likelihood-free class of SBI
techniques exploiting the underlying amortized inference paradigm in which the initial cost
of model training on a massive amount of simulated data is traded for a scalable and
computationally efficient inference framework for posterior estimation on new unseen sam-
ples [3]. In this sense, recent advances like Flow Matching Posterior Estimation (FMPE [4])
have enabled the adaptation of modern deep generative models, such as Continuous Nor-
malizing Flows (CNFs [5]), thus providing an attractive solution for complex posterior
estimation tasks, thanks to remarkable properties including asymptotic exactness, flexibility,
scalability, and principled uncertainty quantification [6].

Beyond methodological innovation [4,7], only very few recent works have begun to
examine the sensitivity of neural posterior estimation (NPE) pipelines to modeling choices.
For instance, preprocessing strategies such as dimensionality reduction were shown not
to compromise posterior accuracy in X-ray spectral fitting [8], while new frameworks like
robust neural posterior estimation (RNPE) [9] explicitly address posterior degradation
under model misspecification. Neural posterior estimators, particularly those relying on
deep architectures, are notoriously sensitive to a wide array of modeling choices (e.g.,
data preprocessing, input data uncertainty, noisy observations, etc.) that can significantly
influence convergence behavior, estimation accuracy, and generalization [7,10].

The aim of this work is to address this research gap by presenting a systematic
investigation of CNF sensitivity within the FMPE framework. As a compelling scientific
case study, we consider exoplanetary atmospheric retrieval, a well-known inverse problem
in astrophysics and planetary science, where normalizing flows are established as the state-
of-the-art neural-based posterior estimator [11–15]. Moreover, the simulation-based nature
of this problem provides a natural setting for conducting a thorough sensitivity analysis,
enabling the controlled evaluation of modeling choices and their impact on posterior
estimation. The major contributions of this work are the following:

• We conduct an extensive experimental campaign on the Ariel Data Challenge (ADC)
2023 dataset [16], considering thousands of CNF configurations with variations in input
data, preprocessing strategies, network architectures, and optimization parameters.

• We evaluate the performance of CNFs trained with FMPE and the estimated posterior
distributions through an extensive posterior evaluation framework encompassing
prediction errors, calibration, uncertainty quantification, and coverage analysis.

• We perform a systematic comparison to assess the influence of sensitive modeling
decisions on model performance. These include (i) min–max scaling versus Z-score
normalization; (ii) noise conditioning, and (iii) robustness under perturbation noise.

• We identify principled design choices prioritizing key predictive qualities, thereby
enhancing the robustness and reliability of simulation-based posterior inference us-
ing CNFs.

To the best of our knowledge, there is no prior work which performs a systematic
analysis related to the abovementioned modeling choices affecting posterior robustness
of CNFs trained with FMPE, especially in critical domains such as astrophysics, where
unreliable posteriors might compromise significant scientific conclusions. The remainder of
the paper is organized as follows. Section 2 provides a theoretical overview of simulation-
based atmospheric retrieval, FMPE, and sensitive modeling decisions under investigation.
Section 3 details the experimental setup, including the dataset preparation, model training,
inference, and evaluation. Section 4 discusses the experimental results about the influence
of the investigated modeling decisions. Conclusions are summarized in Section 5.
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2. Methods
2.1. Simulation-Based Atmospheric Retrieval

In simulation-based inference (SBI), a simulator is a computer program that accepts a
parameter vector θ as input, sequentially samples internal latent variables zi ∼ pi(zi|θ, z<i),
and returns an observable output data vector x ∼ p(x|θ, z). The parameters θ are much
lower-dimensional than the data x (i.e., d ≪ m), which is often associated with a compli-
cated domain. The likelihood function p(x|θ) is implicitly defined by the simulator as:

p(x|θ) =
∫

p(x, z|θ) dz, (1)

where p(x, z|θ) is the joint probability density of data x and latent variables z. The goal of
SBI—also known as likelihood-free inference—is to perform Bayesian inference (i.e., posterior
estimation) without requiring numerical evaluation of the likelihood function p(x|θ) [17],
which is generally intractable due to the marginalization over the latent space of the
simulator. This is translated into the estimation of the posterior distribution p(θ|x), defined
as follows:

p(θ|x) = p(x|θ)p(θ)∫
p(x|θ′)p(θ′) dθ′

, (2)

where the prior probability distribution p(θ) encapsulates the initial assumptions about
the model parameters θ.

In this work, we consider atmospheric retrieval of exoplanets, as has been deeply
studied through the extensive use of simulated data, due to the lack of a sufficient vol-
ume of uncorrupted observations. Thus, the vector θ = (θ1, . . . , θd) represents the set of
atmospheric features over the parameter space Θ ⊆ Rd and x ∈ Rn corresponds to an
atmospheric spectrum (transmission, emission, or reflection) [18]. A so-called forward model
simulates exoplanet spectra based on assumed atmospheric parameters θ. It solves the
radiative transfer equation to produce a theoretical spectrum x, which can then be pro-
cessed to resemble real observations [19]. Because of the complex, non-linear nature of the
underlying physics and chemistry, retrieving θ from x is an ill-posed inverse problem, often
leading to degeneracies, where multiple atmospheric scenarios yield similar spectra [16].

2.2. Flow Matching Posterior Estimation

To remain consistent with the existing literature, we adopt the notation introduced
in [4,7] and refer the reader to the original works for technical terminology. Given a
probability density path p : [0, 1] × Rn × Rd → R>0 (i.e., a time-dependent probability
density function), and a time-dependent vector field, u : [0, 1] × Rn × Rd → Rd, a vector
field vt,x can be used to construct a time-dependent diffeomorphic map, called a flow,
ψ : [0, 1]×Rn ×Rd → Rd, defined via the ordinary differential equation (ODE):

d
dt

ψt,x(θ) = vt,x(ψt,x(θ)), ψ0,x(θ) = θ. (3)

The trajectories θt ≡ ψt,x(θ) are computed by integrating the aforementioned ODE.
The final posterior density q(θ|x) is given by

q(θ|x) = (ψ1,x)∗q0(θ)

= q0(θ) exp
(
−

∫ 1

0
div vt,x(θt)dt

)
,

(4)

where (·)∗ denotes the push-forward operator which describes the transformation of
probability densities through time and invertible maps, the term div denotes the divergence
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operator, and x ∈ Rn denotes the additional context (at least including the observations).
The vector field ut,x is typically modelled with a CNF [5], denoted with ψt,x(θ; ϕ), where
ϕ ∈ Rp are its learnable parameters. Flow Matching (FM; [7]) provides a simulation-free
framework for learning the parameters ϕ of a CNF, and its objective consists of regressing
vt,x onto a target vector field ut,x that induces a desired probability path pt,x with p0,x = p
and p1,x = q, where p is the source distribution (e.g., an isotropic Gaussian), and q is the
unknown target distribution:

LFM(ϕ) = Et,pt,x(θ)∥vt,x(θ)− ut,x(θ)∥2. (5)

where the symbol E denotes the expectation operator.
The standard FM objective is intractable without a prior definition of the probability

path pt,x and vector field ut,x. Within the context of SBI, a sample-conditional formulation
of FM (SCFM) has been introduced by the authors in [4], which drastically simplifies the
definitions of pt,x and ut,x, by introducing a conditional objective providing equivalent
gradients to the FM objective. Given a sample-conditional probability path pt(θ|θ1) at time
t and the corresponding target vector field ut,x(θ|θ1), the SCFM loss is defined as:

LSCFM(ϕ) = Et∼U [0,1]

Ex∼p(x)

Eθ1∼p(θ|x)

Eθt∼pt(θt |θ1)
||vt,x(θt)− ut(θt|θ1)||2.

(6)

where the time t is sampled from a uniform distribution U [0, 1], θ1 ∼ p(θ | x) is a reference
posterior sample conditioned on x, and vt,x(θt) is the learnable vector field at time t for
observation x.

A possible choice for the sample-conditional probability paths is given by the family
of Gaussian paths:

pt(θ|θ1) = N (θ|µt(θ1), σt(θ1)
2 Id), (7)

parameterized by time-dependent means µt(θ1) and standard deviations σt(θ1), subject to
boundary conditions. The conditional Optimal Transport (OT) defines a linear change in
time of µt(θ1) and σt(θ1):

µt(θ1) = tθ1, σt(θ1) = 1 − (1 − σmin)t. (8)

This leads to the sample-conditional vector field ut(θ|θ1) defined as follows:

ut(θ|θ1) =
θ1 − (1 − σmin)θ

1 − (1 − σmin)t
. (9)

Therefore, a novel sample θ1 ∼ q(θ|x) can be generated from the target distribution by
(i) drawing a sample from the source distribution θ0 ∼ p0,x(θ), and (ii) solving the ODE
determined in (3) through multiple neural function evaluations (NFEs; forward passes of a
neural network). FMPE [4] enables CNFs to SBI by applying the Bayes’ theorem, thereby
eliminating the intractable expectation over the unknown posterior p(θ|x) in (6). Following
these considerations, the SCFM loss can be replaced with the FMPE loss, defined as:
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LFMPE(ϕ) = Et∼U [0,1]

Eθ1∼p(θ)

Ex∼p(x|θ1)

Eθt∼pt(θt |θ1)
||vt,x(θt)− ut(θt|θ1)||2,

(10)

which can be easily minimized over samples (θ, x) obtained by (i) sampling θ from the prior
(i.e., θ ∼ p(θ)), and (ii) simulating data x corresponding to θ (i.e., x ∼ p(x|θ)). Intuitively,
the CNF operates by progressively transforming samples from a simple base distribution
through a learned time-dependent vector field, which guides the evolution of data points
toward the desired posterior distribution of atmospheric parameters. Furthermore, the
uniform time prior distribution t ∼ U [0, 1] can be generalized to a power-law prior distri-

bution pα(t) ∝ t
1

1+α [4]. Regulating α can further improve the learning capacity of CNFs by
putting more training effort on complex transitions of the probability density pt(θ|x), or
equivalently, on the estimation of the time-dependent vector field vt,x(θt).

2.3. Identification of Sensitive Modeling Choices
2.3.1. Data Normalization

Data normalization is a major preprocessing step in machine learning (ML) workflows,
which may potentially affect convergence and generalization performance during model
training and evaluation, respectively. The basic idea behind data normalization is to
transform data from its original domain to a representation space more amenable to
ML algorithms, ensuring that all input variables contribute comparably to the learning
process. The most common data normalization strategies are min–max scaling and Z-score
normalization. Here, we consider the feature-wise formulation of data normalization,
instead of the sample-wise formulation where statistics are computed on a per-sample
basis. Min–max scaling, also known as feature normalization, is a linear transformation
technique that rescales numerical features to a fixed range, typically [0, 1]. Given a dataset
X ∈ Rn×m, where n is the number of samples and m is the number of features, min–max
scaling transforms each feature xij as:

x′ij =
xij − min(X:,j)

max(X:,j)− min(X:,j)
, (11)

where X:,j denotes the j-th feature column. While preserving the original relationships
within the data, min–max scaling is sensitive to outliers, as extreme values in X:,j distort
the denominator max(X:,j) − min(X:,j), compressing non-outlier values into a narrow
range. This phenomenon could potentially degrade model performance and lead to poor
model generalization. A more robust alternative is Z-score normalization (also known
as standardization):

x′ij =
xij − µj

σj
, (12)

where µj and σj are the mean and standard deviation of the j-th feature. Standardization
mitigates outlier influence by centering and scaling data relative to statistical moments
rather than extrema. This characteristic enhances convergence in gradient-based optimiza-
tion methods.
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2.3.2. Explicit Incorporation of Input Data Uncertainty

Accurate quantification of uncertainty in ML models is crucial for ensuring reliable
and safe predictions [20]. Explicit modeling of input uncertainty and noise could enhance
model robustness by providing additional information for prediction tasks in scenarios
where the magnitude of input uncertainty is known a priori [21]. Within the context of
simulation-based atmospheric retrieval, modern implementations of forward models (e.g.,
Alfnoor [22]) can provide wavelength-dependent uncertainty estimates that incorporate
various nuisance factors, including binning schemes, observational conditions, and diverse
sources of corruption inherent in forward modeling processes. In real-world cases, instead,
the signal-to-noise ratio (SNR) can be thought of as a measure of input data uncertainty.
This information can be easily incorporated as additional input to neural networks acting
as retrieval tools, allowing for the creation of a conditional posterior sampler, where the
input data uncertainty is reasonably propagated throughout the network. Hereafter, we
refer to the explicit incorporation of input uncertainty estimates into the retrieval process
also as noise conditioning.

2.3.3. Training CNFs on Synthetic Data

Synthetic data has emerged as a promising solution to the data scarcity problem in
deep learning [23]. However, a critical challenge hindering broader adoption is the reality
gap, referred to as the performance discrepancy that occurs when models trained on syn-
thetic data are deployed on real-world data. Within the context of real-world atmospheric
retrieval, observers often receive corrupted observations (due to instrumental errors, limited
spectroscopic coverage, etc.), which further complicates the retrieval task [16]. To measure
the influence of realistic samples over ideal samples in retrieval performance, a realistic
dataset can be constructed by augmenting ideal transmission spectra originated from for-
ward models. A naive approach to produce more realistic observations consists of randomly
perturbing the ideal transmission spectra with additive noise. We exploit the wavelength-
dependent uncertainties σ produced by the simulator for each transmission spectrum s,
and assume a sample-conditional multivariate Gaussian distribution as a noise model.
Therefore, the realistic transmission spectra s̃ can be sampled from p(s̃|s, σ) = N (s̃; s, σ2 Im),
or equivalently, can be defined as s̃ = s + ϵ, where ϵ ∈ Rm is a random noise vector drawn
from N (0, σ2 In), and m is the dimensionality of the theoretical transmission spectra. This
ensures that CNFs trained with FMPE are not limited to ideal data, allowing assessment
under perturbed conditions.

3. Experiments
3.1. Dataset

The 2023 edition of the ADC [16] represents a particular instance of simulation-based
inference, aimed at advancing atmospheric retrieval methodologies in preparation for the
ESA-Ariel space mission’s first light [24]. The ADC2023 dataset is an open-source simulated
database with 41,423 samples including the following:

• Spectral data, comprising a transmission spectrum si ∈ Rm and associated uncertainty
measurements σi ∈ Rm, where m = 52 is the number of dimensions (i.e., discretized
wavelengths).

• Auxiliary data, denoted with ai, encompassing eight additional stellar and planetary
parameters, such as star distance, stellar mass, stellar radius, stellar temperature,
planet mass, orbital period, semi-major axis, and surface gravity.

• Input parameters, denoted with θ, describing seven atmospheric parameters generat-
ing the simulated observations: the planet radius (in Jupyter radii RJ), temperature (in
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Kelvin), and the log-abundance of five atmospheric gases such as H2O (water), CO2

(carbon dioxide), CO (carbon monoxide), CH4 (methane), and NH3 (ammonia gas).

Thanks to its contained size, in terms of both the number of samples and their di-
mensionality, the ADC2023 dataset offers a great opportunity to perform an in-depth
investigation of sensitive modeling choices in a resource-constrained environment. Ap-
proximately 10% of the samples are allocated to the test set (Ntest = 676 samples), while
the remaining samples are partitioned into training and validation splits using a 95:5 ratio
(Ntrain = 38,709 samples, Nval = 2038 samples). We follow the procedure described in
Section 2.3.3 to generate an equivalent realistic dataset.

We refer the reader to the original work [16] presenting the dataset for additional
details about sample generation, modeling assumptions, etc.

3.2. Model Architecture, Training, and Inference

Hereafter, x denotes the input context to the CNF, which encompasses at least the
transmission spectrum (real s̃ or ideal s) and may additionally include the input uncertainty
estimates σ, and the auxiliary data about the planetary system a (we dropped subscript i
for ease of notation). Hence, the CNF is parameterized by a dense residual network and
receives (i) the context x and (ii) a (t, θt)-tuple combining the time t and corresponding
target θt and predicts the vector field vt,x(θt). The conditioning mechanism operates
through direct vector concatenation of the input components, providing an efficient yet
effective fusion of heterogeneous data contributing to the vector field regression.

To provide a sufficient sample of training configurations, we perform a large-scale
training of CNFs with FMPE, encompassing several dataset variants, network architectures,
and optimization parameters. The training procedure runs for a maximum of 450 epochs,
employing the Adam optimizer (default settings) with a batch size of 64 samples and a
cosine annealing learning rate scheduler (cosine decay cycle with a maximum period length
tmax of 150 epochs). To infer the posterior samples using CNFs trained with FMPE, we solve
the ODE through multiple NFEs using the dopri5 discretization, with fixed and absolute
tolerances of 10−5, while the number of predicted posterior samples given each observed
spectrum q(θ|x = xi) is set to 2048. An overview of the hyperparameters and the related
sweep values for training and inference stages, chosen to be consistent with the machine
learning literature, is presented in Table 1.

Table 1. Sweep values of the varying hyperparameters involved in the training of CNFs with FMPE.
The hyperparameters include pdropout (probability of deactivating hidden neurons during training),
nb (number of repetitions for the blocks of the hidden layers), α (exponents for the power-law
time prior distribution), h (dimension of the dense residual blocks for an autoencoder-style and a
plain-style architecture), and η (learning rate for the Adam optimizer).

Hyperparameter Sweep Values

pdropout [0.0, 0.1]
nb [1, 2]
α [−0.75, −0.5, −0.25, 0.0, 0.5, 1.0, 2.0, 4.0]
h [128, 256, 512, 1024, 512, 256, 128],

[512, 512, 512, 512, 512, 512, 512]
η [0.001, 0.0005, 0.0001]

3.3. Evaluation

We consider an extensive posterior evaluation framework that accounts for the expres-
sive power of the predicted joint distributions under different perspectives:
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• ADC2023 Scores. We quantify retrieval performance with respect to a ground-truth
NS-based posterior distribution under the ADC2023 scoring system, which includes
the posterior score (PS), assessing the fidelity of predicted posterior distributions us-
ing the Kolmogorov–Smirnov test, and the spectral score (SS), measuring spectral
consistency of the median predictive spectra and interquartile ranges. Both scores
range from 0 to 1000. The final score (FS) is a weighted combination of these metrics:
FS = 0.2 · SS + 0.8 · PS, using the same weighting coefficients defined in the original
ADC scoring framework.

• Prediction Errors. We quantify the error between input parameters (our targets)
and posterior samples (our predictions) by measuring Mean Absolute Error (MAE),
Median Absolute Error (MedAE), Mean Squared Error (MSE), and Root Mean Squared
Error (RMSE).

• Uncertainty Quantification. Thanks to the generative ability of CNFs, we esti-
mate the predictive uncertainty by simply measuring the standard deviations of the
posterior samples.

• Calibration. To verify whether the predicted posterior distribution fits the empirical
distribution of the data, we quantify the calibration error by measuring proper cali-
bration metrics, including Negative Log-Likelihood (NLL), Pinball Loss (LPin), Quantile
Calibration Error (QCE), Uncertainty Calibration Error (UCE), and Expected Normalized
Calibration Error (ENCE) [25]. These metrics evaluate the calibration under different
aspects (such as prediction quality, quantile, and variance), both in the univariate and
multivariate cases.

• Ground-Truth Benchmarking. The predicted posterior distribution of a probabilistic
regression model should at least include the input parameters to the simulator gener-
ating the observations. To evaluate the ground-truth benchmarking performance of
a probabilistic regression method, we evaluate the Marginal Coverage Ratio (MCR)
and Joint Coverage Ratio (JCR) at multiple coverage levels (1σ, 2σ, and full-support).
For a given coverage level, MCR and JCR are computed by measuring the average
fraction of target values falling within the sets of marginal posterior values, separately
or jointly.

While considering these metrics alone may be critical in evaluating the reliability of
inference algorithms, they together provide an in-depth view of the model predictions,
better validating the soundness of a posterior sampler.

4. Results and Discussion
In this section, we will demonstrate the superior performance of CNFs trained with

FMPE according to the ADC scoring system. Then, to investigate the impact of differ-
ent modeling choices on retrieval performance, we will follow the following procedure:
(i) among the distinct families of trained experimental configurations, we select the model
configurations with the lowest validation loss; (ii) we compute the posterior distribution
of atmospheric parameters for the selected models on the designed test set; (iii) we eval-
uate the predicted posterior distributions through the proposed evaluation framework;
(iv) given a sensitive modeling decision, we quantify its influence by measuring the relative
difference (in percentage points) between average performance measurements of oppposing
experimental families for each predictive metric. Data and code for running experiments,
including model training and inference in a single GPU and multiple GPU environments,
plotting, and evaluation, are available at https://github.com/gomax22/sbi-ariel (accessed
on 25 September 2025).

https://github.com/gomax22/sbi-ariel
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4.1. Preliminary Data Analysis

Before performing our analysis on the influence of sensitive modeling choices, we
investigate training, validation, and test splits by measuring their summary statistics. Mean
and standard deviations, as well as minimum and maximum values of target features, are
summarized in Table 2 and Table 3, respectively. While means and standard deviations
are consistent across all splits, minimum and maximum values do not agree, thereby
highlighting the limitations of static min–max scaling. To check the Gaussianity assumption
of target features (which is a requirement of Z-score normalization), we performed the
single-sample Kolmogorov–Smirnov and Anderson–Darling statistical tests. Both rejected
the null hypothesis for each target parameter with a significance level αs = 0.05, and d = 7
null hypotheses with a significance level αBC = αs

d = 0.05
7 ≈ 0.007 obtained through the

Bonferroni correction.

Table 2. Mean and standard deviation of target atmospheric parameters across training, validation,
and test datasets.

Training Validation Test

Rp 0.643 ± 0.452 0.719 ± 0.454 0.718 ± 0.446
Tp 997.583 ± 390.205 1031.068 ± 451.216 1058.668 ± 457.353
log H2O −5.969 ± 1.732 −6.053 ± 1.733 −6.046 ± 1.785
log CO2 −6.502 ± 1.442 −6.614 ± 1.412 −6.715 ± 1.388
log CO −4.489 ± 0.870 −4.507 ± 0.866 −4.495 ± 0.867
log CH4 −5.986 ± 1.729 −6.057 ± 1.740 −6.037 ± 1.734
log NH3 −6.496 ± 1.446 −6.472 ± 1.507 −6.570 ± 1.526

Table 3. Minimum and maximum values of target atmospheric parameters across the training,
validation, and test sets.

Training Validation Test

Rp [0.075, 2.423] [0.134, 2.219] [0.133, 1.981]
Tp [101.021, 4423.873] [210.319, 4965.288] [186.564, 3048.150]
log H2O [−9,−3] [−9,−3] [−9,−3]
log CO2 [−9,−3] [−9,−3] [−9,−3]
log CO [−6,−3] [−6,−3] [−6,−3]
log CH4 [−9,−3] [−9,−3] [−9,−3]
log NH3 [−9,−3] [−9,−3] [−9,−3]

4.2. Scores of the Ariel Data Challenge

Table 4 summarizes the ADC scores of the best-performing CNFs trained with FMPE
(this configuration includes the use of ideal spectra, spectral uncertainties, auxiliary data,
z-score normalized targets, and a plain-like architecture for the dense residual network)
compared to two baseline models: the official one (a 1D-CNN provided by the organiz-
ers [26]), and a variant of the winning solution of the challenge [27], based on neural spline
flows (NSFs), namely the alternative noise model. We refer the reader to the original works
for additional information. Both models were trained from scratch using the designed
data splits.

The baseline model yields the lowest scores across all metrics, underscoring the
limitations of conventional deep learning approaches in this context. NSF demonstrates
improved performance but is consistently outperformed by FMPE, which achieves the
highest overall scores. These preliminary results demonstrate the effectiveness of FMPE as
a solution to the ADC.
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Table 4. Scores of the ADC reported for the compared estimators. Higher scores indicate better
performance. The best-performing method for each metric is highlighted in bold. CNF-FMPE
demonstrates the best overall performance, surpassing other deep methods.

Estimators
Scores

Posterior Spectral Final

Baseline (CNN) [26] 216.038 606.170 294.064
NSF [27] 424.904 759.602 491.844

CNF-FMPE 483.874 865.843 560.268

4.3. Min–Max Scaling Versus Z-Score Normalization

We evaluate all experimental configurations using min–max-scaled and Z-score-
normalized targets, derived from the pre-computed summary statistics. As shown
by the left-most bars in Figure 1, Z-score normalization consistently outperforms
min–max scaling within our evaluation framework, enabling a desirable trade-off between
predictive qualities.
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Figure 1. Comparative analysis of model performance under the proposed posterior evaluation
framework. Performance gains (positive values) and drops (negative values) are depicted in shades
of green and red, respectively. From left to right, the bars show the influence of Z-score normalization
over min–max scaling, noise conditioning, and realistic spectra over ideal spectra. Z-score normaliza-
tion of target features and noise conditioning positively influence model performance, while the use
of perturbed transmission spectra decidedly complicates the retrieval task.
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First, consistent performance gains in terms of prediction error across all metrics are
observed. In particular, we highlight an average reduction of about −40.9% in terms of
MSE measurements, and of more than −27% for MAE, MedAE, and RMSE. Second, the
Z-score normalization also shows a desirable trade-off between uncertainty estimation,
calibration, and coverage. While maintaining stable posterior coverage (less than −3.5%
average variations as measured by MCR and JCR across multiple coverage levels), the
posterior standard deviations are decidedly improved across all atmospheric parameters, ei-
ther bulk parameters (average reduction of −17.86% and −35.08% for planetary radius and
temperature, respectively) or gas abundances (varying from −6.80% to −11.39% average re-
ductions). This enables more confident predictions while performing well on ground-truth
benchmarking. Furthermore, Z-score normalization of atmospheric parameters provides
superior calibration performance compared to target min–max scaling, in terms of sam-
ple quality (average reductions of −13.05% and −15.1% in terms of NLL measurements
in the univariate and multivariate cases, respectively), quantile calibration (average re-
ductions of −29.56% and −10.67% in terms of QCE measurements in the univariate and
multivariate cases, respectively; average decrement of −28.67% in terms of Pinball loss),
and variance calibration (average reductions of −3.45% and −50.43% in terms of ENCE
and UCE measurements, respectively). Notably, the superiority of Z-score normalization
over min–max scaling persists even though the target features deviate significantly from a
normal distribution, as demonstrated by statistical tests.

4.4. Effects of Noise Conditioning

To minimize the confounding effects of multiple variables, we consider the experi-
mental configurations trained exclusively on ideal transmission spectra. We categorized
these configurations into two groups: those employing noise conditioning and those with-
out it, following the evaluation protocol outlined in Section 3.3. As demonstrated by the
middle bars in Figure 1, our results indicate that noise conditioning significantly enhances
model performance, enabling a favorable trade-off between prediction errors, uncertainty
estimation, calibration, and coverage. First, it significantly reduces errors in atmospheric
parameter predictions, as evidenced by improvements in MSE, MAE, MedAE, and RMSE
(average reductions of −53.32%, −34.11%, −34.77%, and −33.84%, respectively). Second, it
also contributes positively to uncertainty estimation, as posterior standard deviations show
notable gains (average reductions varying from −23.63% to −50.15%). Third, the coverage
performance remains largely stable, with the exception of JCR at the 1σ level, which exhibits
an average increase of 122.48%. This improvement is particularly significant, as the 1σ

coverage level represents the most stringent and challenging task, while also being critical
for ensuring reliable predictions. The calibration metrics reveal a more complex picture:
opposing trends in quantile calibration (47.10% and 115.6% average increments in terms of
QCE in univariate and multivariate cases vs. −37.00% average improvement in terms of
Pinball loss), as well as in terms of variance calibration (22.11% average increment of ENCE
measurements vs. −46.80% average decrement of UCE measurements). We also register
performance gains in terms of sample quality (−29.18% and −30.33% average reductions in
NLL measurements in the univariate and multivariate cases). Despite its calibration costs,
noise conditioning is highly effective for tasks prioritizing prediction accuracy, uncertainty
estimation, and coverage.

4.5. Robustness to Noisy Observations

We categorize all experimental configurations into those trained on realistic transmis-
sion spectra versus those trained on ideal spectra. The right-most bars in Figure 1 present
the performance comparison of the former through relative percentage changes relative to
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the latter, quantifying the influence of realistic spectra in training and evaluation of CNFs.
First of all, the use of realistic spectra leads to significant declines in atmospheric parame-
ter predictions, with increased errors across MSE, MAE, and RMSE (average increments
varying from 28.59% to 63.3%). As expected, perturbed observations challenge precise
parameter estimation, inducing less precise and confident predictions. In fact, similar
considerations can be carried out on notable performance drops in uncertainty estimation
(average increments varying from 27.32% to 101.03% for planet temperature and carbon
monoxide log-abundance, respectively). Only the planetary radius is not marked by a
performance drop in uncertainty estimation. Again, the behavior of calibration metrics
is inconsistent. While quantile and variance calibration improve by registering average
decrements of −36.62%, −42.21%, and −34.91% for QCE (univariate, multivariate) and
ENCE, respectively, we also register a performance drop for Pinball loss and UCE (average
increment of 33.37% and 25.88%, respectively). Also, sample quality worsens as measured
by the average increment of 26.09% and 32.40% of NLL measurements in the univariate and
multivariate cases. Coverage metrics remain stable except for JCR at 1σ with an average
decrement of −36.88%. These findings highlight a reduction in robustness, with noisy
observations producing qualitatively less precise predictions and poorly calibrated con-
fidence intervals, and quantitatively reflected in increased prediction errors and reduced
coverage rates.

5. Conclusions
The aim of this work is to investigate how implementation choices impact posterior

robustness and predictive performance of CNFs trained with FMPE, established as a novel
and scalable methodology in deep generative modeling, thus addressing a gap in the
current literature. As a scientific case study, we considered atmospheric retrieval of exo-
planets due to its natural need for complex simulations, and investigated the sensitivity of
CNFs trained with FMPE under different modeling decisions, including data preprocessing,
incorporation of input data uncertainty, and perturbed observations. We conducted an
extensive experimental campaign on the ADC dataset aimed at assessing the influence of
data normalization strategies, the incorporation of input data uncertainty, and the use of
observations perturbed with Gaussian noise to assess robustness under controlled noise
conditions. This sensitivity is particularly evident under the adopted evaluation frame-
work, which deeply assesses complementary predictive aspects like accuracy, calibration,
and uncertainty quantification, emphasizing the relevance of this study. Our analysis
demonstrated the following: (i) Z-score normalization provides superior performance
over min–max scaling as a target normalization strategy, independent of the evaluation
task at hand. Furthermore, it enables a desirable trade-off among predictive qualities.
(ii) Noise conditioning effectively improves prediction accuracy, uncertainty estimation,
and posterior coverage, at the cost of calibration performance. (iii) The use of perturbed
spectra strongly hinders prediction accuracy and uncertainty estimation, leading to less
precise and poorly calibrated predictions and thus indicating reduced robustness under
the assumed noise conditions.

Future work should expand this sensitivity analysis to a wider range of inverse
problems and posterior estimators, validating our findings across domains and datasets
with real observational data. In particular, examining the robustness of CNFs with FMPE
under high-resolution data, such as astrophysical spectroscopy, may reveal new challenges
and motivate methodological innovations to handle increased data complexity. Other
promising directions include investigating the effect of alternative conditioning mechanisms
or adaptations to different noise assumptions mimicking the nature of real-world data to
further assess the reliability of likelihood-free inference.
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