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ABSTRACT

Context. Simulation-based inference with neural posterior estimation can be used for X-ray spectral fitting both in the Gaussian and
Poisson regimes, enabling users to rapidly derive approximated posteriors of the model parameters.
Aims. We investigate the capabilities of auto-encoders to reduce the dimension of X-ray spectra, such as those soon to be provided
by the X-ray Integral Field Unit (X-IFU): the high-resolution X-ray spectrometer that will fly on board the European Space Agency
NewAthena space X-ray observatory. In addition, taking advantage of the known likelihood, we investigate an importance sampling to
refine the approximate posteriors.
Methods. We built an auto-encoder that compresses X-ray spectra into a low-dimensional latent space, while preserving key spectral
features. The auto-encoder was trained by minimizing a custom loss equal to the Cash statistic (C-STAT) between the simulated and
reconstructed spectra. A neural density estimator (NDE) was then trained on the latent representations of the spectra. We used multi-
round training for both the auto-encoder and the NDE. At each round, new spectra were drawn from a truncated proposal focused on
the observation. Finally, when the NDE training had converged, the resulting approximate posteriors conditioned at the observation
were refined via a likelihood-based importance sampling. To evaluate the information content of the latent space, we introduced a
diagnostic neural network trained to reconstruct the original spectral model parameters from the latent space. Additionally, we devel-
oped a specialized neural network that learns the likelihood function directly, enabling a faster importance sampling and enhancing
computational efficiency.
Results. Reducing the dimension of X-IFU-like X-ray spectra enhances the performance and efficiency of the neural posterior estima-
tion. When combined with multi-round inference, our auto-encoder consistently outperforms other dimensionality reduction techniques
such as the principal component analysis and hand-crafted spectral summaries in terms of accuracy, as well as robustness. With each
inference round, the performance was improved as the proposal distributions contract toward the observation. Following an importance-
sampling correction, the resulting posterior distributions turned out to be statistically indistinguishable from those produced by nested
sampling algorithms. On a standard multi-core laptop, the full pipeline, including simulations, dimension reduction, inference, and
subsequent importance sampling, achieves a speedup exceeding an order of magnitude. Crucially, the validation is based on real
observational data, not just simulator outputs. In addition to mock X-IFU spectra, we have demonstrated successful applications to
high-resolution XRISM-Resolve and lower resolution NICER and XMM-Newton EPIC-PN observations, confirming the method appli-
cability across different instruments and spectral resolution.
Conclusions. Simulation-based inference with a neural posterior estimation based on compressed X-ray spectra, when paired with
likelihood-based importance sampling, yields posterior distributions that are indistinguishable from classical Bayesian results, offer-
ing a precise and efficient alternative for X-ray spectral fitting. The Simulation-based Inference for X-ray Spectral Analysis (SIXSA)
Python package available on GitHub is being updated to include the auto-encoder and the importance sampling.

Key words. methods: numerical – methods: statistical – techniques: imaging spectroscopy

1. Introduction

X-ray spectral fitting is a cornerstone of high-energy astro-
physics, providing access to the physical properties of compact
objects, hot plasmas, and accretion flows through a parametric
modeling of count spectra folded through complex instrumen-
tal responses. Traditionally, parameter inference relies on either
gradient-free minimization of fit statistics (e.g., χ2 or C-STAT;
Cash 1979) or on Bayesian sampling techniques such as Markov
chain Monte Carlo (MCMC; Hastings 1970; van Dyk et al.
2001; Goodman & Weare 2010) and nested sampling (Skilling
2004, 2006; Buchner et al. 2014; Buchner 2021, 2023). These
⋆ Corresponding authors: dbarret@irap.omp.eu;
sdupourque@irap.omp.eu

techniques, albeit powerful, can be computationally expensive,
sensitive to multi-modal or highly degenerate posteriors. They
become increasingly difficult to scale as models and data grow
in complexity (see Buchner & Boorman 2024, for a recent com-
prehensive review of statistical approaches in X-ray spectral
analysis). Neural networks have emerged as an alternative, first
applied by Ichinohe et al. (2018) to high-resolution galaxy clus-
ter spectra and later by Parker et al. (2022) to lower resolution
active galactic nucleus data from NewAthena. While offering
a comparable level of accuracy and a speed improvement of
approximately three orders of magnitude after training, the lat-
ter approach lacked error estimates on the spectral parameters.
This limitation can be addressed within a Bayesian framework
using a simulation-based inference (SBI) with a neural posterior
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Fig. 1. SIXSA pipeline, with the process beginning with sampling parameters {θ}i from a proposal distribution, followed by generating synthetic
observations {x}i (including Poisson statistics) by passing these parameters to the spectral model. These spectra have their dimension reduced using
various summarization techniques such as PCA, spectral summaries, or neural architectures like embedding networks and auto-encoders, yielding
{S (x)}i. {S (x)}i, along with the corresponding parameters {θ}i are used to train a NDE. The inference round is delimited with a dashed line. An
optional parameter retriever neural network might be trained to learn the mapping between the latent space and the model parameters, aiding in
the interpretation. For the observation, denoted as xobs, a truncated proposal network selectively focuses the sampling on high-density regions of
the parameter space. At each round, an approximated posterior can then be generated. A likelihood-based importance sampling can be applied
to the approximated posterior. A likelihood emulator can also be used to approximate with high accuracy the true likelihood and accelerate the
importance sampling. This iterative process leads to the final posterior distribution for xobs.

estimation (NPE; Papamakarios & Murray 2016; Lueckmann
et al. 2017), which infers the posterior by training a neural
network on synthetic spectra sampled from the prior. Unlike
traditional Bayesian methods, SBI does not require an explicit
likelihood and, thus, it is applicable to complex models where a
simulator is available (Cranmer et al. 2020; Deistler et al. 2025).
As with any likelihood-free approach, another strength of NPE
is its ability to learn the likelihood function from compressed
representations of the data. The dimensionality reduction serves
multiple purposes: it isolates informative components, filters
out noise, and eliminates redundant features. This improves the
training efficiency and prevents overfitting (Deistler et al. 2025,
and references therein).

We successfully applied simulation-based inference with
NPE for X-ray spectral fitting (Barret & Dupourqué 2024;
Dupourqué & Barret 2025, hereafter, BD24 and DB25). In
BD24, we considered low-resolution spectra from the Neu-
tron star Interior Composition Explorer (NICER) instrument
(Gendreau et al. 2012). We have shown that SBI-NPE per-
formed on par with standard spectral fitting in both Gaussian
and Poisson regimes, for both synthetic and real data, provid-
ing consistent parameter estimates and posteriors. In DB25, we
investigated its applicability to high-resolution spectra expected
from the upcoming NewAthena X-ray Integral Field Unit (X-
IFU) instrument (Barret et al. 2023; Peille et al. 2025), lever-
aging spectral compression and SBI likelihood-free nature. Two
spectral compression strategies were tested: (1) hand-crafted
summary statistics (e.g., bin counts and ratios) and (2) neural
network-based automated feature extraction. We demonstrated
that hand-crafted summary statistics yielded superior efficiency,
producing posteriors comparable to those from exact inference.

Following up on this work, here we investigate auto-encoders
for compressing X-ray spectra and importance sampling for
refining the posterior estimates. A key constraint throughout
our study remains the ability to perform the entire analysis on

a standard laptop (MacBook Pro, Apple M3 Max, 16 cores)
within a practical duration: on the order of tens of minutes. This
includes the time required to generate simulations, to train the
auto-encoder, to obtain the truncated prior proposals, and to train
the neural density estimator (NDE), considering that the poste-
rior sampling time is negligible. To this, we now have to add
the time required to perform the importance sampling, as intro-
duced later in this work. To minimize the end-to-end inference
time, all the components of the pipeline had to be optimized for
efficiency.

The paper is organized as follows. In Sect. 2, we describe
the various components of the SIXSA pipeline. In Sect. 3, we
present the results of three test cases, involving spectral models
of increasing complexity, before demonstrating the applicability
of SIXSA to real XRISM-Resolve data. This precedes a discus-
sion in Sect. 4 and the conclusions Sect. 5. In Appendices A–C,
we report further results related to SIXSA applied to mock X-IFU
data and real NICER and XMM-Newton data.

2. The SIXSA pipeline

The different components of the SIXSA pipeline are represented
in Fig. 1. Here, we describe each of them, starting with the
way the spectral simulations were performed, following the order
presented in the figure1.

2.1. Sample and simulate

Our ultimate objective is to develop an alternative technique
for exploiting high-resolution X-ray spectra that is robust,

1 The building blocks of the SIXSA (Simulation-based Inference for
X-ray Spectral Analysis) pipeline are being released as a python pack-
age available on GitHub: https://github.com/renecotyfanboy/
bsixsa
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reliable, accurate, and computationally efficient. As in Paper II,
we first focused on high-resolution X-ray spectra expected from
the X-IFU instrument on board NewAthena (Barret et al. 2023;
Peille et al. 2025). For our analysis, we adopted the latest avail-
able response files2, which serve as the current baseline for
NewAthena in preparation for the adoption of the mission in
the science program of the European Space Agency. These are
the reference files intended for use in the so-called Red Book.
We considered the open configuration of the filter wheel (i.e.,
no filter), which maximizes the instrument effective area below
approximately 1 keV.

The spectral models considered below involve multiplicative
and additive components. As in BD24 and DB25, the normal-
ization parameters of additive components, which typically span
several orders of magnitude and represent multiplicative scal-
ing of model flux, were assigned log-uniform (Jeffreys) priors.
For shape parameters such as photon index, temperature, or
absorption density, which vary over narrower and more physi-
cally constrained ranges, we adopted uniform priors to reflect
equal prior belief across the specified linear interval (see the dis-
cussion about choosing priors in Buchner & Boorman 2024 and
Buchner et al. 2014).

For each spectral model, we used the Python interface to the
XSPEC spectral-fitting package (PyXspec; Arnaud 1996) to fold
it through the X-IFU response. We simulated the spectra with
total counts ranging from approximately 50 000–150 000 over
the 0.2–12 keV energy range. For each test case presented below,
we simulated one mock spectrum defining our target observa-
tion denoted as xobs in Fig. 1. We adopted optimal binning
for xobs, following the approach of Kaastra & Bleeker (2016).
By accounting for count statistics and energy distribution, this
typically reduces the number of spectral bins to between 2000
and 3000, yielding a compression factor of ∼10. For a given
xobs, all spectra simulated (step 1 of Fig. 1) share the same
binning scheme. Background contributions are not included in
this analysis (see DB25 for a detailed treatment of background
handling). Our simulations are performed using XSPEC version
12.15. Notably, starting from version 12.14.1, a new mechanism
for setting non-default model parameters has been introduced,
significantly improving computational efficiency. This enhance-
ment accelerates the generation of X-IFU mock spectra by
approximately a factor of two, with 10 000 spectra now typically
produced in about 15 seconds for most models (for spectra of
∼2000–3000 bins). To achieve this performance, we first loaded
the target observation along with its data grouping, then set all
model parameters in parallel. Through internal XSPEC computa-
tions, in a single operation, we retrieved the C-STAT value (i.e.,
the log-likelihood), the input model, and the folded model. We
then applied Poisson noise externally to the folded model. Impor-
tantly, this approach avoids the use of the PyXspec fakeit
command and further eliminates any need for disk I/O opera-
tions. In our setup, the spectral model evaluation constitutes the
main computational bottleneck.

In our previous work, we emphasized the benefits of con-
straining the prior range before entering the inference loop, as
a means to accelerating convergence. In the present study, how-
ever, our focus is on enhancing the robustness of the technique.
To this end, we extended the prior to ensure that xobs lies near the
center of the prior predictive distribution. This can be achieved
by adjusting the bounds of the normalization parameters for the
additive components. This involves either lowering the minimum

2 Response files available at: https://x-ifu.irap.omp.eu/en/
resources/for-the-community
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Fig. 2. Left: initial prior coverage of the targeted observation (black
line), obtained with 20 000 spectra: twice the number used in the subse-
quent round. The range of the initial prior has been expanded to ensure
a similar number of training sample spectra have total number of counts
below and above the targeted observation (this ensures the observation
to be centered). Right: prior coverage in round 2, based on 10 000 sim-
ulations. The allowed parameter space has shrunk considerably. This
prior proposal could be used as input for running BXA, significantly
speeding up the inference by reducing the parameter space that needs
to be explored.

or raising the maximum bound by a given factor. This opera-
tion is performed iteratively and at each iteration, new spectral
model parameters are drawn from the updated (and broader) pri-
ors. The end product is a training set in which the histogram of
the total number of counts per simulated spectrum is distributed
symmetrically around the total number of counts of xobs, within
say ∼10% (see the left panel of Fig. 2 for an illustration).

2.2. Summarize

As discussed in DB25, for simulation-based inference to work
with X-IFU-like spectra with thousands of spectral bins, it is
essential to reduce dimensionality through summary statistics.
We computed one set of summary statistics per spectrum. As
emphasized by Deistler et al. (2025), the summary statistics, S ,
should retain as much information as possible about the param-
eters, θ, ensuring that the posterior derived from the summary
statistics, p(θ | S (x)), closely approximates the posterior p(θ | x).
Below, we provide some details about the dimension reduction
techniques considered in this paper.

2.2.1. An auto-encoder tailored for X-ray spectra

Auto-encoders are a class of neural networks used for unsu-
pervised learning, which are particularly effective for dimen-
sionality reduction and feature extraction (e.g., Hinton &
Salakhutdinov 2006). They comprise an encoder, which com-
presses input data into a lower dimensional latent space, and a
decoder, which reconstructs the input from this compressed rep-
resentation. This architecture enables the model to capture the
most important features of the data, which is necessary for good
reconstruction from the low-dimensional latent space. Training
is typically guided by a custom loss function that minimizes the
reconstruction error, allowing the auto-encoder to learn efficient
and informative representations.

We developed an auto-encoder tailored for X-ray spectral
data. The same auto-encoder architecture will apply to all the
spectral models considered below. The encoder is composed of
a sequence of fully connected layers, each followed by batch
normalization and a Gaussian error linear unit (GELU)
activation function (Hendrycks & Gimpel 2023). This struc-
ture progressively reduces the input dimensionality, mapping
the spectra into a latent space. The decoder mirrors this archi-
tecture in reverse. To account for the Poisson statistics of the
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simulated spectra, training is performed by minimizing the Cash
statistic (C-STAT) between each simulated spectrum and its
reconstruction. This is equivalent to a Poisson reconstruction
loss. To facilitate convergence and achieve more stable learning,
the spectra are log-transformed using log(1 + ci), where ci is the
count in spectral bin i, followed by standardization (zero mean
and unit variance); the inverse transformation being applied
before the loss computation. The training process incorporates
standard optimization techniques including gradient clipping,
learning rate scheduling, and early stopping to enhance conver-
gence and prevent overfitting. We used a batch size of 1024, a
maximum of 500 training epochs, and early stopping patience
of 20. The auto-encoder is trained at each inference round; see
Fig. 1. At each new round, the training of the auto-encoder
resumes from where it left off in the previous round by warm-
starting from the saved checkpoint. This process restores both
the model parameters and the optimizer state, allowing the train-
ing to continue seamlessly on spectra sampled from the updated
proposal distribution, as illustrated in Fig. 1. This means that
training in the first round takes significantly longer than in sub-
sequent rounds, as later rounds benefit from the accumulated
learning.

For the models considered here, a latent space dimension of
64 provided a good balance, yielding efficient training of the
auto-encoder and stable performance in the subsequent train-
ing of the NDE. Increasing the latent dimension to 128 did
not improve the auto-encoder training and, in some cases, it
led to clear signs of overfitting in the NDE, as evidenced by
a degradation of the validation loss. Larger latent spaces may
also increase the risk of encoding realization-specific statistical
fluctuations, potentially impacting downstream inference perfor-
mance. Although we considered latent space dimensions equal
to powers of two in this work, this choice was arbitrary and not
motivated by theoretical considerations.

2.2.2. Principal component analysis and spectral summaries

The principal component analysis (PCA) is a widely used dimen-
sionality reduction technique, particularly in machine learning
pipelines (Jolliffe 1986). It was applied by Parker et al. (2022)
to reduce the dimensionality of NewAthena Wide-Field Imager
X-ray spectra before training a neural network to predict their
spectral parameters. The PCA projects the data onto a set of
orthogonal principal components, ordered by the fraction of vari-
ance they capture. The procedure involves standardizing the data,
computing the covariance matrix, and performing Eigen decom-
position to extract these components. However, it relies on linear
assumptions and might fail to preserve the most informative
features. In our case, we reduced the dimensionality of the stan-
dardized spectra, while retaining 99.5% of the variance. The
achieved reduction depends on the training set and the method
becomes less effective as the parameter space narrows: the num-
ber of components required to capture the variance approaches
the number of spectral bins, leading to potential overfitting
during the NDE training.

A set of X-ray spectra can also be reduced to a limited
number of summary statistics, such as the mean number of
counts per bin, the standard deviation, the total counts, the skew-
ness, the entropy, and specific percentiles (e.g., 90th and 95th)
or the inter-quartile range, which capture key characteristics
of the distribution. Additional features can be derived from
adjacent energy intervals, including the sum of counts, excess
counts, energy-weighted mean counts, count-weighted mean
energies, hardness ratios (Ci+1/Ci), and differential ratios

((Ci+1 −Ci)/(Ci −Ci−1)), providing complementary information
on spectral shape and variability across energy bands. These
ratios contribute to the parameter recovery for more complex
models, such as those with two bvapec components (DB25).

As discussed in Appendix B of DB25, the summary statistics
of the observations should be covered by the summary statistics
of the simulated spectra to ensure that the NDE can interpolate
between the summaries on either side of the observation. Statis-
tics that do not cover the observable can be removed from the
training sample to improve the speed and stability of the gradi-
ent descent. This approach, however, may change the number of
summaries retained from round to round, requiring the density
estimator to be retrained from scratch, which is our default pro-
cedure. Although these summaries may not capture fine spectral
details, keeping their number small (≤100) minimizes the risk of
overfitting during NDE training. This makes the method partic-
ularly effective for continuous spectra without distinct features.
For the spectral summaries considered here, we used ten adja-
cent energy intervals in addition to the broad-band summaries to
limit the overfitting.

2.2.3. A parameter retriever: Retrieving the spectral model
parameters from the latent representation of the
spectra

Before feeding the compressed representation of the spectra into
the NDE for training, it is useful to exploit the dimensional-
ity reduction as an intermediate step. Specifically, we tested
whether a neural network can learn the mapping between the
model parameters and the latent representation of the spectra, a
task infeasible with the raw spectra containing several thousand
bins. This provides an initial indication of whether the compres-
sion scheme successfully retains the main features of the training
sample (hence the model parameters) and whether all the model
parameters are equally constrained by the observation.

For this purpose, we design a multi-layer perceptron com-
posed of fully connected layers interleaved with ReLU activation
functions. The loss function is the mean squared error, which is
well suited for regression tasks. Although the spectral parame-
ters span different physical scales, we standardized them prior
to training, ensuring that each contributes equally to the loss
in the standardized space. The input summary statistics were
also standardized to stabilize and accelerate the training pro-
cess. The multi-layer perceptron was trained using the Adam
optimizer. In addition, a learning rate scheduler is employed
to reduce the learning rate gradually during training. Here-
after, to avoid confusion, we refer to this neural network as the
Parameter_retriever. By default, it consists of three hidden
layers of 128, 64, and 32 units, respectively. The model is trained
over 500 epochs, with a batch size of 128 and an initial learn-
ing rate of 10−3. Early stopping is applied with a patience of
20 epochs to prevent overfitting. The Parameter_retriever is
not required in the SIXSA pipeline. It can be trained and used
within each inference round. As expected, the performances of
the Parameter_retriever improve and stabilize after the first
inference round is completed, when the proposal from which
thetas are generated has shrunk compared to the initial (broader)
prior.

2.3. Infer

Once the simulated spectra were summarized, we were able
to perform the inference. We used the Simulation-Based
Inference (sbi) Python package (Tejero-Cantero et al. 2020)
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and among its available methods, we adopted NPE
(Papamakarios & Murray 2016; Lueckmann et al. 2017;
Greenberg et al. 2019), which is the most widely used technique
within the sbi framework. NPE trains an inference network to
directly approximate the posterior distribution p(θ | x), using
samples (θ, x) drawn from the joint distribution p(θ, x). Unlike
methods that focus on predicting a single point estimate for the
parameters, NPE trains the network to predict the parameters of
a probability distribution over θ, conditioned on the observed
data, xo. Such networks are trained by minimizing the condi-
tional negative log-likelihood of simulated parameters under the
neural posterior estimator, corrected with a proposal function
depending on the round, as suggested by Greenberg et al. (2019);
see also Deistler et al. (2022a) for a broad introduction on these
topics. We employed multiple-round inference (MRI), typically
using five rounds. The size of the training sample varies from
one test case to the other: it varies from 10 000 in the test case
I, up to 50 000 in the test case III, depending primarily on the
model complexity. There is no requirement to keep the training
sample size constant from one inference round to the other, but
we consider it fixed hereafter. MRI is tailored for the analysis of
a single observation, but the same architecture could be extended
to amortized inference (applicable to multiple observations)
at the cost of significantly increasing the simulation budget,
depending on the diversity of the spectral shapes across the
dataset.

We adopt a masked autoregressive flow (MAF) as the den-
sity estimator, using 10 transformations with 100 hidden units
each (Papamakarios et al. 2017). We also evaluated alternative
architectures, including neural spline flows, mixture density net-
works, masked auto-encoders for distribution estimation, MAFs
with rational quadratic spline transformations, and a separate
MAF implementation via ZUKO (instead of NFLOWS). A more
in-depth investigation of the performance of the various density
estimators is beyond the scope of this paper; however, the selec-
tion of MAF was motivated by comparisons of the validation
loss, training stability, and the shape of the posteriors, after a
given number of inference rounds. The conditional density esti-
mator for the posterior is trained at each inference round; see
Fig. 1. At each new inference round, it is retrained from scratch,
which is necessary when the dimensionality of the compressed
data changes between rounds, as with the PCA. When the
dimensionality remains fixed, not retraining from scratch yields
consistent results, though the training time tends to increase
slightly with each successive round. We considered a learning
rate for the Adam optimizer of 5×10−4, a batch size of 256, a val-
idation fraction of 0.2, and patience of 20. Independent z-scoring
(standardization) was applied to both θ and x, as defined earlier.
Following Deistler et al. (2022b), we applied a prior truncation
at each inference round by rejecting samples that fall outside
the 10−3 quantiles of the support of the approximate posterior.
For a comprehensive practical guide on simulation-based infer-
ence, we refer to Deistler et al. (2025), whose recommended best
practices were adopted in this work. In particular, we doubled
the training sample size in the first round to improve the initial
posterior estimation.

2.4. Importance sampling

Unlike traditional Bayesian inference, simulation-based infer-
ence requires only access to simulations from the model and does
not rely on evaluating the likelihood function explicitly. How-
ever, in our case, the likelihood is known. It can then be used to
refine the posterior estimates. The importance sampling is now

applied in various fields, for instance, for inferring atmospheric
properties of exoplanets (Gebhard et al. 2023, 2025), for accu-
rate and reliable gravitational wave inference (Dax et al. 2023;
see Tokdar & Kass 2009 for a review on importance sampling).
Here, for the first time, it is introduced in the context of SIXSA.

2.4.1. Methodology

In our setup, the NPE yields an approximate posterior qϕ(θ | x).
When both the prior p(θ) and the likelihood p(x | θ) can be
computed, this neural posterior can be refined by importance
sampling. Given the observed data xo, draw samples {θi}Ni=1 ∼

qϕ(θ | xo) and attach weights,

wi ∝
p(θi) p(xo | θi)

qϕ(θi | xo)
.

Intuitively, samples that are underestimated by the neural poste-
rior relative to the true posterior receive larger weights and vice
versa. Overall, sbi implements two importance sampling meth-
ods that we considered for testing purposes, given that this is the
first time they have been applied within SIXSA.

The first method is named weighted importance sampling:
this returns samples from the proposal and the logarithm of the
importance weights. The latter are converted into regular weights
by first removing infinite values, subtracting the maximum, and
then taking the exponential (this gives a pair θi, wi). By normal-
izing the weights, w̃i = wi/

∑
j w j, we can define an effective

sample size (ESS) also called the number of effective samples
as

ESS =
(∑

i w̃i
)2∑

i w̃
2
i

,

where small values indicate a poor match between qϕ(θi | xo)
and the target (the sample efficiency is ϵ = ESS/n, where n
is the number of drawn samples and is ∈ [0, 1]). As stated in
Gebhard et al. (2025), ϵ ≳ 1 is considered a good value. If
desired, a resampling according to w̃i makes it possible to obtain
the desired number of posterior samples.

The second method is named sampling-importance-
resampling (SIR). It directly returns samples by performing
weighted importance sampling in batches. For each batch,
it computes the normalized weights, w̃i, as described above,
and then resamples indices with probabilities w̃i to obtain an
unweighted sample. Given a batch size b (i.e., the oversampling
factor), one sample is drawn per batch according to its impor-
tance weight. To obtain N posterior samples, a total of N × b
likelihood evaluations is required. This approach may introduce
a small bias due to the finite-sample nature of the resampling
step. In practice, we observed a non-negligible bias in some
runs, which was not corrected for certain parameters.

Importance sampling performs best when the true posterior
is supported by the proposal distribution. As we explain below,
even a moderately accurate neural posterior can be noticeably
improved by reweighing, correcting the residual mismatch, and
sharpening credible regions with minimal additional computa-
tion. Unless otherwise mentioned, within the sbi package, we
adopted the weighted importance sampling method, consider-
ing between 200 000 and 400 000 likelihood estimates, to match
typical sampling efficiencies. This becomes a significant con-
tributor to the simulation budget (i.e., the run time), but this is
undoubtedly an acceptable price to pay to get accurate posteriors.
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2.4.2. A likelihood emulator to speed up importance sampling

For performing the importance sampling, a large number of
likelihood evaluations is required (given typical sampling effi-
ciencies). Following Graff et al. (2012), we considered a neural
network to learn the likelihood function. Specifically, within
the range of the approximate posteriors, a neural network can
efficiently learn the mapping between the spectral model param-
eters and the likelihood using a limited training sample (tens
of thousands). To enhance training stability and convergence,
both the input features (model parameters) and the target vari-
able (C-STAT) must be standardized. We employed unit variance
standardization and observed that within the tests performed in
this paper, it resulted in higher prediction accuracy compared
to alternative methods, such as MinMax or robust scaling for
instance. To further improve the prediction accuracy, one can
remove a small fraction (0.1–1%) of the lowest log-likelihoods
(and the corresponding parameter samples), as they cover a range
of values not used during the importance sampling correction.
The neural network architecture comprises three hidden layers
with 128, 64, and 32 units, respectively. Each layer is followed
by the GELU activation function. The network concludes with
a single-unit linear output layer suitable for regression tasks.
Model training was performed using the Adam optimizer with
a learning rate of 10−3, a batch size of 128, and a maximum
of 1000 epochs. To mitigate overfitting, early stopping with a
patience of 50 epochs was implemented. Additionally, dynamic
learning rate reduction was applied during training to further
enhance performance and generalization. Here, we refer to
this neural network as a Likelihood_emulator. Once trained
(within a couple of minutes), the evaluation of the approximate
likelihood function can be done with within ten seconds for hun-
dreds of thousands of spectral model parameters, enabling the
importance sampling to be performed readily. However, caution
is required for multi-modal posterior distributions because the
parameter range over which to learn the likelihood may be too
large. For this reason, we would recommend checking the accu-
racy of the predictions of the Likelihood_emulator and in
doubts always prefer the exact, though more computationally
expensive, computation. However, for all the models considered
below, training a Likelihood_emulator with 50 000 samples
led to sufficiently accurate likelihood estimates.

2.5. Posterior comparison

At the end of the SIXSA pipeline (see Fig. 1), posteriors are
derived. For posterior comparisons, we perform XSPEC MCMC
sampling using the Goodman-Weare algorithm (Goodman &
Weare 2010) with a burn-in phase of 25 000 steps, a chain
length of 500 000, 64 walkers, and 16 cores. We applied log-
uniform (Jeffreys) priors on the model normalization parameters
and uniform priors on all other parameters, with Bayesian infer-
ence enabled. For BXA, we adopt the same priors as used for
XSPEC, employing 3000 live points and the recommended reac-
tive nested sampler (Buchner et al. 2014). The number of live
points was chosen to ensure that for the spectral models and
priors considered in the paper, a single BXA run would yield at
least 50 000 posterior samples: a number that was requested also
to SIXSA. Reducing the number of live points would decrease
the BXA runtime at the expense of reducing the number of
posterior samples; see Buchner (2023) for a discussion on the
relationship between number of live points, dimensionality, and
computational cost.

Table 1. Parameter settings for a model comprising an absorbed power
law and a narrow Gaussian line along with the parameter name and its
free or frozen status.

Parameter name Free Range

nH False [0.2]
PhoIndex True U(0.5, 4)
norm True Log-U(0.01, 10)
LineE False [2]
Sigma True U(0.005, 0.015)
Redshift True U(0.1, 0.5)
norm True Log-U(0.001, 0.3)

Notes. Frozen parameters are given with their values in brackets,
while free parameters include the prior type (either uniform, U, or
log-uniform, log-U) and the range of variation in parentheses.

3. Results

After presenting the SIXSA pipeline, we report the results
obtained from test cases involving spectral models of progres-
sively increasing complexity below.

3.1. Test case I: Narrow line above a smooth continuum

We are interested in probing dimension reduction techniques
in the presence of lines in the X-ray spectrum, as those could
be affected by the loss of information related to the dimension
reduction. We started with a very simplistic case in which the
spectrum consists of an absorbed power law and a narrow line
of fixed energy but varying normalization, width, and redshift,
which we are interested in (see Fig. 2 for the initial prior cover-
age of the targeted observation and Table 1 for the range covered
by the spectral model parameters).

We considered five rounds of inference and a training set of
10 000 simulations per round, except the first round for which
we double the number of simulations. The model being analyt-
ical, evaluating the model to fold with the X-IFU response is
extremely fast; hence, the simulations of 10 000 spectra can be
readily done within ∼15 seconds (16 cores). Such a model, with
a line above a smooth continuum, is expected to challenge the
dimension reduction via the PCA and the spectral summaries.
We use the auto-encoder with one hidden layer of width D/2
(where D is the number of spectral bins) and a 64-dimensional
output, yielding a compression ratio of approximately D/64
(e.g., ∼ 50× for D ≈ 3200). In Fig. 3, we show the histogram
of the 24th of the 64 latent space dimensions as derived from
the auto-encoder run on a sample of spectra generated from the
initial prior and second round prior, as shown in Fig. 2. As can
be seen, already at the second inference round, the shape of the
histogram evolves towards a Gaussian-like shape and is better
centered around the observation.

As discussed above, the auto-encoder includes a decoder that
reconstructs the spectrum from its latent representation (here-
after, we name the latter spectrum, the reconstructed spectrum).
The auto-encoder performance can be assessed by compar-
ing the C-STAT of simulated spectra versus their input mod-
els (without minimization) and their reconstruction (computed
from the decoder section of the auto-encoder); good recon-
structions should yield comparable C-STAT with the actual
ground-truth spectrum. Figure 4 provides an illustrative example.
As can be seen, the C-STAT are comparable, indicating that the
auto-encoder has captured the overall shape of the simulated
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Fig. 3. Left: histogram of the 24th of the 64 latent space dimensions
for the auto-encoder training and test samples as derived from the initial
prior shown in the left of Fig. 2. The 24th latent dimension of the obser-
vation is materialized by the dashed vertical line. Right: same histogram
but derived from spectra simulated from the prior proposal generated
after the single round of MRI (shown in the right of Fig. 2). The shape
of the histogram evolves towards a Gaussian-like shape and is better
centered around the observation.
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Fig. 4. Random simulated spectrum including Poisson noise (blue),
with its input model (black line). The spectrum reconstructed by the
decoder part of the auto-encoder is shown in orange. The residuals,
expressed in σ, between the simulated spectrum and both the input
model and the reconstructed spectrum are shown in the bottom pan-
els. The corresponding C-STAT (without minimization) is listed for
indication.

spectrum, but also the narrow line, leaving no apparent residuals
around it.

Figure 5 illustrates the predictions of the
Parameter_retriever against the five input model param-
eters. A close match between predicted and true values is
observed, indicating that the observation is sensitive to all five
parameters. In contrast, if the observation were insensitive to a
given parameter, the reconstruction would appear as a flat line
centered around the mean of the parameter prior range (see
Appendix A). In such a case, the corresponding parameter could
be safely frozen during the fit. Although not strictly necessary,
this type of sanity check offers a practical means of assessing
both the effectiveness of the compression and the sensitivity
of the observation to each model parameter throughout the
inference process.

We found that mapping model parameters to PCA com-
ponents is impractical, as retaining sufficient spectral variance
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Fig. 5. Mapping by the Parameter_retriever between the model
parameters and the latent space representations (64 dimensions) of 2000
test spectra at the second round of inference. In each panel, the true
parameter values are shown on the x-axis, and the predicted values on
the y-axis. This result indicates that the autoencoder has successfully
captured the relevant information from the simulated spectra. Moreover,
the strong alignment between predicted and true values confirms that the
observation is sensitive to all five model parameters. The target obser-
vation is marked with a square symbol for reference.

requires too many components by the second round of infer-
ence. Similarly, the mapping between model parameters and
hand-crafted spectral summaries proved less effective than with
auto-encoder-based summaries, particularly for parameters asso-
ciated with the narrow spectral line, as expected. This highlights
the advantage of using learned, non-linear representations from
auto-encoders over traditional dimensionality reduction or man-
ually designed features.

Figure 6 presents the validation and training losses of the
NDE training, across five inference rounds for spectra reduced
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Fig. 6. Validation loss (solid line) and training loss (dash-dot line)
recorded during the NDE training, as a function of the cumulative epoch
number for spectra compressed to 64 dimensions by the auto-encoder.
The mathematical formulation of the loss function can be found in
Greenberg et al. (2019); Deistler et al. (2022a). The flatness of the curves
towards the end of the rounds indicates no significant overfitting and
successful training of the NDE. Overfitting would appear as a sharp
increase in validation loss, diverging from the training loss, signaling
that the model tends to capture noise or overly complex patterns in the
training data. The training time is indicated on the plot, where the largest
value is found in the first inference round.

to 64 dimensions using the auto-encoder. The plot shows no
evidence of overfitting: the validation loss remains stable and
does not increase with further training epochs. The training con-
verges by the third round, with only marginal improvements in
subsequent rounds. In contrast, using PCA for dimensionality
reduction leads to overfitting as early as the first round. Notably,
constraining the number of spectral summaries to fewer than 100,
such as by considering 10 adjacent energy intervals, effectively
mitigates overfitting in these cases.

We went on to compare the posteriors obtained using the
three dimensionality reduction techniques implemented in this
work, using the BXA posteriors as a reference. The results are pre-
sented in Fig. 7. For the five model parameters, the PCA shows
the weakest performance. This is due to its limited ability to
effectively reduce the dimensionality of the training spectra as
they approach the target observation, which results in an overfit-
ting. Spectral summaries offer some improvements, particularly
for the power law parameters, but fail to recover the posterior
for the line redshift, as expected. In contrast, the auto-encoder
consistently performs better than both the PCA and summary
statistics, producing posteriors that are more closely aligned with
those from BXA. However, some differences remain, which can
be corrected with importance sampling.

Thus, we applied importance sampling to correct the approx-
imate posteriors, using 200 000 samples to compute the impor-
tance weights. The SIXSA corrected posteriors are shown in
Fig. 8, demonstrating an excellent match with the BXA-derived
posteriors across all five parameters. We have also corrected
the approximate posteriors obtained with the PCA-based dimen-
sionality reduction and the spectral summaries. It is interesting
to note that the approximate posteriors obtained using spectral
summary statistics can be effectively corrected. In particular,
the redshift of the line, which was previously poorly recovered,
aligns well with the reference derived from BXA. In contrast,
the posteriors derived from PCA-based dimensionality reduction
deviate too significantly from the true distributions and cannot be
reliably corrected using importance sampling.

A quantitative way to assess the improvement of the pos-
teriors relative to the BXA reference is by computing the

Jensen–Shannon divergence (JSD), which measures the similar-
ity between two probability distributions (Lin 1991). A smaller
JSD value indicates a higher similarity. As shown in Fig. 9, the
posteriors corrected by importance sampling exhibit the low-
est JSD across all five model parameters, confirming their close
agreement with the BXA posteriors. Figure 9 extends the com-
parison to the approximate posteriors of Fig. 7, indicating that
the posteriors obtained with SIXSA without importance sam-
pling correction are the closest to the BXA ones. The same figures
shows that the SIXSA posteriors corrected with the sampling-
importance-resampling method are also consistent with the BXA
ones.

It is entirely feasible to use the encoder component of
the auto-encoder as an embedding network; that is, a neural
network that takes the spectra as input, learns summary statis-
tics, and passes these to the NDE. In this configuration, the
encoder parameters are trained jointly with those of the density
estimator. However, this joint optimization requires a signif-
icantly larger simulation budget compared to pre-training the
auto-encoder outside the inference loop. In our experiments,
increasing the training sample size from 10 000 to 50 000 and
applying importance sampling yielded posteriors that closely
match those obtained with BXA, as shown in Fig. 9. Despite this,
the training history indicated signs of overfitting, suggesting that
even more training samples may be necessary for stable con-
vergence. From both a computational and practical standpoint,
we found that training the auto-encoder separately, ahead of the
inference process, offers greater stability and efficiency.

3.2. Test case II: relxillp and the role of importance
sampling

Increasing the complexity of the model, we went on to consider
the relxillp3.4 model3, considering seven free model param-
eters (García et al. 2014; Dauser et al. 2016). The range of model
parameters are listed in Table 2. This is a simplified version of
the model of Barret & Cappi (2019), who tested the sensitivity of
X-IFU to supermassive black hole spins, yet without deriving the
full posteriors of the model parameters. We thus simulate spec-
tra with moderate statistics (1 million counts), corresponding to
an exposure time of a 1 mCrab source (∼2 × 10−11 ergs/cm2/s,
2–10 keV) for ∼10 kilo-seconds. The scope here is to highlight
the role of importance sampling.

For this model, we again performed five rounds of inference,
each using a truncated proposal and 20 000 simulated spectra.
Despite the increased model complexity, we retained a latent
space dimension of 64 for the auto-encoder. To apply the impor-
tance sampling corrections, we replaced the exact likelihood
computation with the Likelihood_emulator trained on 50 000
exact likelihoods computed from the posterior samples obtained
at the fifth inference round. The Likelihood_emulator per-
formance is evaluated by comparing predicted versus actual
log-likelihood values for a test set of model parameters not seen
during the training.

We then compare the results obtained using the two
importance sampling approaches implemented in sbi: standard
weighted importance sampling and SIR (the second method
described in Sect. 2.4). In the SIR case, generating 50 000
posterior samples with an oversampling factor of 32 requires
32 × 50 000 = 1.6 million likelihood evaluations; without the
Likelihood_emulator , this would translate to an equal num-
ber of costly simulations. In such cases, importance sampling

3 The RELXILL_RENORMALIZE environment variable was set to 1.
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Fig. 7. Comparison of the posteriors for three dimension reduction techniques with respect to the reference posteriors computed by BXA. Left: PCA
for which we retain 99.5% of the sample variance at each round. Center: spectral summary statistics computed over ten adjacent energy intervals.
Right: our compact auto-encoder for which the spectra are reduced to a latent space of 64 dimensions. Over the five parameters of the model, the
auto-encoder is clearly performing better than the two other reduction techniques.
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Fig. 8. Comparison between the reference BXA posteriors with the
SIXSA posteriors (Fig. 7, right) corrected by a weighted importance
sampling. The match is excellent for all five model parameters.

can become the dominant component of the simulation bud-
get. For comparison, computing all 1.6 million exact likelihoods
takes roughly one hour using 16 cores in parallel; whereas train-
ing the Likelihood_emulator takes only a few minutes and
evaluating 1.6 million approximate likelihood functions requires
about 20 seconds. As in previous experiments, we took the BXA
posteriors as the reference and we additionally included poste-
rior estimates derived from an XSPECMCMC run. In Fig. 10, we
show the performance of the Likelihood_emulator on a test
set of 5000 model parameters, from the posteriors computed at
the fifth round of inference. The standard deviation of the error
between the predicted and exact log-likelihood is less than 0.05.
We also verified that importance sampling remains effective
even with a less accurate Likelihood_emulator. For instance,
training the Likelihood_emulator on a smaller dataset of
20 000 samples instead of 50 000 still yields acceptable poste-
rior corrections, indicating that importance sampling can tolerate
a moderate level of error in the approximation of the likelihood
function.

In Fig. 11, we compare the posterior distributions with
the BXA posteriors, both before and after applying weighted
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Fig. 9. JSD for each model parameter with respect to the refer-
ence posteriors obtained using BXA. The JSD quantifies the similarity
between posterior distributions. A smaller JSD indicates greater simi-
larity. Below the dashed line, the posteriors are similar. We present the
JSD values for three different dimension reduction techniques: PCA,
spectral summaries, and the auto-encoder. Among these methods, the
auto-encoder yields posteriors most similar to those from BXA. We
also consider a case in which an embedding network, identical to the
encoder component of the auto-encoder, is used to compress the spectra
before passing them to the NDE. After applying importance sampling,
the resulting posteriors closely match those from BXA. We also show
the SIXSA posteriors corrected with the sampling importance sampling
technique. They are also very close to the BXA reference posteriors.
Finally, for the sake of the comparison, we include the posteriors com-
puted using the XSPECMCMC method.

importance sampling. Several key observations can be made.
First, within the simulation budget used for the five inference
rounds (i.e., five sets of 20 000 simulations), the normalizing
flows tend to produce Gaussian-like posterior shapes. Second,
importance sampling effectively corrects these approximations,
yielding posteriors that closely match those obtained with BXA.
This correction recovers the more complex posterior structures,
particularly for the corona height, black hole spin, and iron abun-
dance. The behavior of these parameters is consistent with the
mapping between the model parameters and the latent space,
which indicated that these three parameters were less well con-
strained compared to the others (see Appendix A for a more
extreme example of this effect).
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Table 2. Parameter settings for the relxillpmodel, with the parameter
name and whether it is free or fixed.

Parameter name Free Range

nH False [0.02]
h True U(3, 20)
beta False [0]
a True U(0, 0.9)
Incl True U(20, 60)
Rin False [–1]
Rout False [400]
z False [0]
gamma True U(1.5, 3)
logxi True U(1, 4)
Afe True U(0.9, 2)
Ecut False [300]
refl_frac False [1]
switch_returnrad False [1]
switch_reflfrac_boost False [0]
norm True Log-U(0.01, 10)

Notes. Fixed parameters have their values given in brackets, while free
parameters list the prior type, either uniform,U, or log-uniform, logU,
and the range of variation in parentheses.
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Fig. 10. Histogram of the prediction errors of the
Likelihood_emulatorfor the relxillp model (with the mean
and the standard deviation of the error). From 50 000 drawing posterior
samples derived from the fifth inference round, 50 000 exact likelihoods
were used for training the neural network. 5000 additional likelihood
samples were used for the test set and compared with the predictions
from the Likelihood_emulator. The accuracy reached is sufficient
for performing accurately the importance sampling correction.

In Fig. 12, we present the JSD for the two importance sam-
pling methods, training the Likelihood_emulator on 50 000
samples. For comparison, we also include the XSPEC MCMC
posteriors. The results demonstrate that both importance sam-
pling methods implemented in sbi yield consistent correc-
tions. Notably, for that particular case, no bias is observed in
the sampling-importance-resampling method, even when using
approximate likelihood estimates.

3.3. Test case III: Double bvapec model

The models discussed above were selected to showcase the auto-
encoder ability to retain narrow line features superimposed on a
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Fig. 11. Posteriors from BXA at the fifth inference round before and after
weighted importance sampling, when the likelihood is computed with
the Likelihood_emulator. The SIXSA corrected posteriors and the
BXA ones are undistinguishable.
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Fig. 12. Comparison between the posteriors before and after impor-
tance sampling correction with the reference BXA posteriors: weighted
importance sampling and sampling-importance-resampling, consider-
ing the Likelihood_emulator for computing the likelihood, trained
and tested on 50 000 samples. We also show the XSPEC MCMC poste-
riors, fully comparable to the SIXSA ones after importance sampling.
This figure highlights the role of importance sampling.

broad continuum, as well as to illustrate the benefits of impor-
tance sampling. However, these models do not fully capture the
complexity typical of X-IFU-like spectra. To address this, we
consider a more realistic model composed of the sum of two
bvapec components, both sharing the same redshift. The ele-
mental abundances are fixed to their default values, and the
velocity for both components is set to 100 km/s. This choice
is motivated by the fact that, in the statistical regime we aim
to explore, the velocity cannot be meaningfully constrained (see
Table 3 for the range of variation of the free model parameters).

This model introduces significant degeneracy and is expected
to produce broad or multi-modal posterior distributions, posing
a challenge for traditional fitting methods. To accommodate this
added complexity, we consider a training sample size of 50 000
and keep the latent space dimension of the auto-encoder to 64.
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Fig. 13. Left: histogram of C-STAT of a sample of 2000 simulated spectra, with model parameters drawn from the truncated proposal after the first
round of inference. The C-STAT are computed with respect to the input model (blue solid line) and the reconstructed spectrum (dashed orange line),
without any minimization. Right: random example of such a sample spectrum (blue), with its input model (black solid line) and the reconstructed
spectrum, from the decoder part of the auto-encoder (in orange). The residuals, expressed in σ, between the simulated spectrum and both the input
model and the reconstructed spectrum are shown in the bottom panels, with the same colors. The corresponding C-STAT (without minimization)
is listed for indication at the top of each sub-panel. The observed reduction in C-STAT for the reconstructed spectra suggests that the autoencoder
partially fits Poisson realization noise: the impact on the efficiency of the SIXSA pipeline warrants further investigation.

Table 3. Parameter settings for the double-absorbed bvapec model,
with the parameter name and whether it is free or fixed.

Parameter name Free Range

nH False [0.02]
kT True U(0.5, 5)
He-Ni False [1]
Redshift True U(0.05, 0.2)
Velocity False [100]
norm True Log-U(0.01, 10)
kT True U(0.5, 5)
He-Ni False [1]
Redshift False Tied
Velocity False [100]
norm True Log-U(0.01, 10)

Notes. Fixed parameters have their values given in brackets, while free
parameters list the prior type — either uniformU or log-uniform logU
— and the range of variation in parentheses, and the abundances from
He to Ni are set to their default values.

We find that a dimension of 128 performs equally well, but that
increasing it beyond 128 offers no additional benefits in general.

In Fig. 13, we compare the histogram of the C-STAT values
for a set of simulated spectra, with model parameters sampled
from the truncated proposal distribution after the first round
of inference. The C-STAT values are computed with respect
to both the input models and the reconstructed spectra. An
illustrative example of a simulated spectrum along with its
corresponding input model and reconstructed spectrum is also
included in the figure. As shown, the two C-STAT histograms are
aligned, indicating that the auto-encoder has successfully recov-
ered the overall spectral shape across the dataset. Additionally,
the model accurately reproduces narrow spectral line features,
demonstrating its effectiveness in capturing both global and

localized spectral features. The very high reconstruction accu-
racy observed here, while desirable in terms of spectral fidelity,
also suggests that the standard auto-encoder encodes part of
the Poisson noise, an aspect whose implications for the SIXSA
pipeline warrant further investigation. Looking at the latent
space distributions reveals that they are well-regularized, with
most histograms of latent dimensions exhibiting approximately
Gaussian-like shapes.

The entire pipeline including the simulations, the auto-
encoder training, NDE training, truncated proposal generation,
and importance sampling correction completes in slightly more
than 1 hour with the bulk of the run time coming from the first
training round of the auto-encoder. For comparison, we compute
reference posteriors using BXA on the original prior with 3000
live samples. Running BXA in parallel with mpiexec on 16 cores
requires approximately 14 hours and over 10 million likelihood
evaluations.

In Fig. 14, we compare the BXA posteriors with the impor-
tance sampling–corrected SIXSA posteriors, demonstrating that
the results are in strong agreement. For additional context, we
include posteriors obtained from a standard XSPEC MCMC
run. As expected, the MCMC approach struggles to adequately
sample the full parameter space in the presence of a highly
multi-modal posterior distribution.

In Fig. 15, we present the JSD between the BXA poste-
riors and three alternative posterior estimates: those obtained
from XSPEC MCMC, the approximate posteriors produced by
SIXSA at the fifth inference round and the corresponding pos-
teriors after importance sampling correction. As shown, even
the uncorrected SIXSA posteriors are closer to the BXA refer-
ence than those from XSPEC MCMC, particularly in capturing
the bimodal nature of the posterior distributions for the four
degenerate model parameters. This demonstrates that the com-
bination of dimensionality reduction via auto-encoders, iterative
inference, and importance sampling enables an accurate recovery
of complex posterior structures, even in highly degenerate cases.
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In Fig. 16, we present the best-fit SIXSA model for the double
bvapec case, along with posterior predictive spectra for each
of the two components. To disentangle the contributions from
the overlapping components, a two-component Gaussian mixture
model was applied to the posterior samples, splitting them based
on the normalization parameter of the first bvapec component.
Despite the spectral proximity of the two components, SIXSA
successfully reconstructs them with high fidelity. Notably, the
median of the posterior samples yields a C-STAT value identi-
cal to the minimum C-STAT obtained via XSPEC minimization,
further validating the accuracy of the inferred model.

3.4. Application to XRISM-Resolve data
While mock spectra generated by the same simulator as the one
generating the training set are useful for benchmarking, the true
test of any deep learning technique lies in its application to real
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Fig. 16. Posterior predictions for the double bvapec model. In order to
separate the posterior samples for the two model components, a Gaus-
sian mixture model was fitted to the distribution of the normalization
of the first bvapec component. The posterior samples could then be
labeled and separated. The C-STAT associated with the median of 1000
drawn posterior samples is equal to the C-STAT computed by XSPEC
after minimization.

observational data. We now consider, as the ultimate challenge,
tests with data provided by the X-Ray Imaging and Spectroscopy
Mission (XRISM)-Resolve high-resolution X-ray spectrometer,
often considered as the precursor of X-IFU (Tashiro et al.
2025; XRISM Collaboration 2024; Ishisaki et al. 2022). The
microcalorimeter Resolve, a 6 × 6 pixel X-ray spectrometer,
delivers exquisite data above 2 keV with a spectral resolution
of 4.5 eV at 6 keV. For the sake of the exercise we consider an
archival observation of the Perseus cluster (OBSID 000156000,
so-called Perseus-C1 pointing; XRISM Collaboration 2025a)
taken on January 23, 2024, for an effective exposure time of
∼57 ks. Standard screening criteria were applied to the observa-
tion. Only the highest resolution primary events were retained.
Optimal binning was applied to the extracted spectrum, com-
puted as the sum of the spectra of all the good pixels, thus
excluding pixels 12 and 27. In our analysis, we ignore the non-X-
ray background, and assume a single temperature bvapecmodel,
leaving the abundance parameters of Si, S, Ar, Ca, Fe, and Ni
free (all other abundances are frozen to 0.7). We then kept the
temperature, the redshift, the velocity free parameters of the fit.
We considered data between 2 and 10 keV, including the region
6.567–6.620 keV affected by resonant scattering (excluding it
would lower the measured velocity). We caution that the results
derived below shall not be used for scientific exploitation. More
sophisticated analysis, including adding the non X-ray back-
ground in the analysis, considering multi-temperature models,
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Fig. 17. Comparison between the SIXSA and BXA posteriors for a XRISM-Resolve observation of the Perseus galaxy cluster. The SIXSA ones
have been corrected by importance sampling, using likelihoods approximated with the Likelihood_emulator. As can be seen there is an excel-
lent match between the two. More sophisticated analysis, not in the scope of this paper, is required to derive meaningful abundances from this
observation.

spatial mixing (etc.) is required to derive meaningful scien-
tific information from this observation (XRISM Collaboration
2025b). However, this is clearly outside the scope of this paper
and left to the XRISM collaboration.

When dealing with real data, it is recommended to increase
the number of simulations for training the NDE. As for the
double bvapec model above, we still considered five rounds of
50 000 spectra, with 100 000 in the first round. Given the size
of the response file (20 times larger than the one used for X-
IFU), the simulations take more than ten times longer than with
X-IFU, and become by far the dominant component of the run
time. Ways to speed up the simulations are being investigated.
We auto-encoded the spectra again in 64 dimensions, performed
importance sampling with the Likelihood_emulator trained
on 50 000 samples, and computed 32 × 50 000 likelihoods after-
wards. We ran BXA from the truncated prior proposal at the fourth

round of inference. This reduced the number of likelihood esti-
mates required by BXA by more than one order of magnitude,
making the BXA run time comparable to the SIXSA run time.

Along the inference process, looking at the results of the
Parameter_retriever indicates that with this model, the
observation is sensitive to all free parameters, yet with a reduced
sensitivity to the Si abundance. The training process has con-
verged after 5 rounds with no sign of overfitting. Figure 17
compares the BXA and SIXSA posteriors, indicating an excellent
match between the two methods. We found that a setup with
25 000 simulations per round, and a latent space dimension of
32 would deliver comparable results. On the other hand, going
to a higher latent space dimension did not help, as there were
clear signs of overfitting during the training of the NDE. Both
the weighted importance and sampling-importance-resampling
were performed in a similar way.
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Fig. 18. Folded XRISM-Resolve spectrum of one snapshot observation
of the Perseus cluster together with its reconstruction with a single tem-
perature bvapec model. The C-STAT associated with the median of
1000 drawn posterior samples is very close to the C-STAT computed
by XSPEC after minimization.

Figure 18 shows the folded spectrum together with the poste-
rior predictions. The SIXSA fit corresponds to the model whose
parameters are the median of the posteriors. Its C-STAT is com-
parable to the one of XSPEC after minimization, indicating that
for this model, SIXSA has found a solution very close to the best
fit.

4. Discussion

Using an auto-encoder used to reduce the dimension of X-IFU-
like spectra, we have shown that the training of the NDE was
stable and converged after a few rounds. Correcting the approxi-
mated neural posteriors, through importance sampling, we have
shown that the SIXSA posteriors are identical to those derived
by BXA, even in the case of multi-modal posterior distributions.
If run on the initial parameter space, BXA takes 10–100 times
more time than SIXSA, due to the larger number of likelihoods
to be evaluated (10 s of millions). Note, however, that to speed
up BXA, not excluding any regions of interest, one could reduce
the parameter space to explore, either manually, or through the
use of the truncated prior proposals derived by SIXSA (e.g., after
the first inference round).

Auto-encoders nicely couple with multi-round inference
because as the parameter space shrinks around the targeted
observation, its performance increases, and the latent space
becomes smooth and centered (almost Gaussian), easing the
training of the NDE. With the models considered here and our
auto-encoder architecture, we have found that a latent space
dimension below, say, 100 enables stable training and pre-
vents overfitting. This is not the case with the PCA, which

requires more and more components to retain the variance of
the training sample as the parameter space shrinks. Similarly,
our auto-encoder retains the information of narrow features in
X-IFU-like spectra, which is not the case with simple spec-
tral summary statistics. Optimizing the auto-encoder architecture
and its hyper-parameter space, for example to limit the encod-
ing of realization-specific statistical fluctuations is beyond the
scope of the paper, but the potential of auto-encoders to reduce
the dimension of X-ray spectra, coupled with a likelihood free
inference followed by importance sampling to obtain accurate
posteriors is the main result of this paper. In such a way, this
concludes the initial studies presented in DB24 and BD25.

Although we previously showed that obtaining compara-
ble posteriors to the BXA ones was doable without importance
sampling, the possibility to correct the approximate posteriors
derived by SIXSA, once the training has reached convergence,
adds some degrees of freedom in its use. The performance of
SIXSA becomes less sensitive to setup parameters such as the
size of the training sample, the number of inference rounds,
even the dimension of the latent space (see Appendix C for
an example with real XMM-Newton EPIC-PN data). Yet for
the importance sampling correction to be accurate, for a given
number of posterior samples (10 000–50 000), 100 000–500 000
log-likelihood estimates are needed, and this may become an
important component of the simulation budget. The same code
used to generate the spectra, computes the C-STAT and this
computation can be easily parallelized within PyXspec, lead-
ing to an acceptable run time (about 10 minutes). We have
shown, however, that there was a workaround in some cases.
Over the range of the approximate posteriors, a neural net-
work can learn the likelihood function, with a limited number
of simulations (say 50 000 for X-IFU-like spectra). Once the
Likelihood_emulator has been trained (within at most a
couple of minutes), getting hundreds of thousands of approxi-
mated likelihoods is done within tens of seconds, enabling the
importance sampling correction to be accurate. With the models
considered here (and the number of free parameters), we found
that the Likelihood_emulator provided sufficient accuracy
for the importance sampling correction, whether the weighted
importance sampling or the sampling-importance-resampling
method, even in the case of complex multi-modal posteriors.
The Likelihood_emulator will better work when the param-
eter space is narrow but may face issues when, for instance, the
posteriors follow a multi-modal distribution or the number of
free model parameters becomes too large. In that case, it is rec-
ommended to compute the exact likelihood through extensive
simulations, at the expense of dominating the simulation budget.

Multi-round inference is an iterative process, and its conver-
gence can be precisely tracked through various indicators, such
as the shrinkage of the prior proposal towards the observation,
the sampling efficiency as defined above and changes in the
shape of the posterior distribution. Additionally, as a by-product
of reducing the dimensionality of the X-ray spectra, it becomes
possible at any round to retrieve the model parameters from the
latent representations of the spectra. This can be achieved with
a neural network, similar to the Parameter_retriever pre-
sented above. This can help identify the regions of the parameter
space that best match the observation. More importantly, this
approach informs about the efficiency of the dimension reduc-
tion and reveals whether all model parameters can be constrained
by the target observation. This information can guide users in
determining which parameters can be fixed during the inference
process. As a complementary avenue of investigation, leverag-
ing this information to detect model mis-specifications could be
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explored, although such an analysis is beyond the scope of this
paper.

Following Zhang et al. (2023), it may be worth investi-
gating the sampling efficiency as a stopping criterion for the
NDE training. As described above, the surrogate posterior is
refined over multiple rounds, with each round using simulations
that may be generated from the previous surrogate posterior.
These simulations can be used to compute importance weights
at no additional computational cost, allowing each round to con-
tribute to the effective sample size. The cumulative sampling
efficiency can then serve as an indicator of convergence. Once
the sampling efficiency no longer improves, the NDE training
can be terminated, and additional effective posterior samples
can be obtained via importance sampling from the most efficient
surrogate posterior.

Real X-IFU spectra will not be available until the launch
of NewAthena in the late 2030s. In the meantime, XRISM-
Resolve data provide an additional avenue for validating SIXSA.
As shown above, the first test on a Perseus cluster observation
has been successful and revealed no limitations, yet provided
insights on future improvements. Similarly, real data at lower
spectral resolution, such as those from NICER and XMM-
Newton (etc.), enable us to probe the technique in various
statistical regimes (see Appendices B and C). Across all tests
performed to date, SIXSA has been shown to deliver posterior
distributions identical to those obtained with BXA.

The ability of SIXSA to handle real data, despite being devel-
oped on mock X-IFU data, positions it as a promising tool for the
community. Since SIXSA relies on the widely used and famil-
iar XSPEC package for simulations and model access, our next
objectives are threefold: (1) to minimize the number of hyper-
parameters to ensure reliable and reproducible posteriors, (2)
to provide diagnostic tools for validating the results indepen-
dently, and (3) to offer practical guidelines for users. Integration
of SIXSA within XSPEC may also be an option.

We are currently handling a handful of hyper-parameters
from sbi. As stated above, using a MAF as the density estima-
tor, with 10 transformations and 100 hidden units each combined
with a truncated prior proposal that rejects samples falling out-
side the 10−3 quantiles, has shown robust performance across
all tested cases. Concerning diagnostics, as discussed in Dax
et al. (2023), in addition to providing the (unbiased) Bayesian
evidence for comparing models, metrics such as the sample effi-
ciency can be used to assess the proposal quality and identify
potential failure cases (see also Gebhard et al. 2025). A range of
diagnostic tools is also available to check the quality and relia-
bility of posterior inference, five of which are integrated into the
sbi package (Tejero-Cantero et al. 2020; Deistler et al. 2022b;
Hermans et al. 2021; Miller et al. 2021; Cook et al. 2006; Talts
et al. 2018; Linhart et al. 2023; Lemos et al. 2023; Schmitt et al.
2023). These tools serve different purposes: for example, model
mis-specification checks do not assess the posterior directly but
instead evaluate whether the observed data could plausibly have
been generated by the model simulated (Schmitt et al. 2023). A
comprehensive evaluation of the performance and suitability of
these diagnostic tools is beyond the scope of this paper.

For initial usage guidelines, we recommend the following
setup for X-IFU-like or XRISM-Resolve-like spectra: without
checking whether the sampling efficiency has reached an accept-
able threshold, five rounds of inference with 50 000 simulations
per round (doubling this for the first round), a 64-dimensional
latent space obtained using a compact auto-encoder with one
intermediate layer (containing half as many units as spec-
tral bins), and an additional 100 000–500 000 simulations for

importance sampling correction (for typical sampling efficien-
cies). This conservative setup has proven effective for even the
most complex models tested, enabling the generation of exact
posteriors in well under one hour per observation when using
a Likelihood_emulator for the most challenging case. For
spectra with lower spectral resolution or less complex mod-
els, the number of simulations per round could potentially be
reduced by a factor of 10 (5000), although the time required to
generate simulations becomes a minor component of the total
runtime. More tests on real data will be required to refine these
guidelines.

Insufficient simulations or poor training of the NDE may
become evident during the importance sampling correction
phase, leading to low sampling efficiencies. In such cases, the
posterior distributions will exhibit broad, diffuse, and irregular
shapes with poorly defined peaks (see Appendix C). The con-
tours in the pairwise correlation plots will be spread out and
less elliptical. These characteristics are evidence that the infer-
ence process has not converged to a well-constrained solution,
leaving the parameter space poorly resolved. When this occurs,
increasing the training sample size, followed, if necessary, by
additional inference rounds is the logical next step. As a sanity
check, one should also verify that the validation loss has reached
a stable minimum (see Fig. 6) and shows no signs of substantial
overfitting.

5. Conclusions

In application to X-ray spectral fitting, a simulation-based infer-
ence method that couples an auto-encoder-driven dimensionality
reduction with a likelihood-based importance sampling effi-
ciently yields asymptotically exact posteriors. It also shows that
deep-learning inference can meet the accuracy demanded by sci-
entific applications. Notably, it can achieve this rapidly and with
limited computational resources, even on conventional comput-
ers. We consider the ability to limit the energy consumption
required for analyzing complex X-ray data to be a significant
advantage of this technique. This is particularly relevant at a time
when reducing the environmental footprint of research, including
computational resource usage, has become imperative.
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Appendix A: Retrieving the model parameters from
the latent space

Running the Parameter_retriever on the latent space pro-
vides insights into the sensitivity of a given observation to the
model parameters. As an illustration, we consider a low-statistics
spectrum from the relxillp model. We perform five inference
rounds with 20,000 samples each, except for the first round,
where the sample size is doubled. The model includes seven
free parameters (see Table 2). The Parameter_retriever was
applied to the latent space at the second inference round, and its
predictions were compared against the true model parameters for
the test set (see Fig. A.1). A clear correlation is observed for four
parameters, while for the remaining three, including the black
hole spin, the predictions either partially track or completely
fail to reproduce the input values. The corresponding posteri-
ors confirm this behavior (see Fig. A.2), showing that only four
parameters are constrained by the observation, whereas the spin,
the irradiating source height, and the iron abundance remain
poorly constrained. In essence, if the Parameter_retriever
fails to capture the information related to a model parameter, that
parameter cannot be constrained by the observation. While this
intermediate step is not required by SIXSA, it provides useful
diagnostic insight into the sensitivity of the observation to each
free parameter.

Appendix B: Application to NICER data

Here, we turn to NICER observations, which allow us to probe
both high and low statistics regimes and lower resolution X-ray
spectra. NICER (Gendreau et al. 2012) is dedicated to the study
of neutron stars through high-throughput, soft X-ray timing and
spectroscopy in the 0.2–12 keV range. Equipped with concen-
trator optics and silicon drift detectors, it achieves an energy
resolution of ∼85 eV at 1 keV, comparable for instance to that of
XMM-Newton EPIC and Chandra ACIS, and similar to what will
later be provided by the Wide Field Imager on board NewAthena
(Antonelli et al. 2024).

In BD24, aiming to demonstrate the working principles of
simulation based inference for X-ray spectral fitting, we consid-
ered NICER data from the X-ray binary 4U1820-303. A NICER
spectrum has typically 10–20 times fewer bins than X-IFU-like
spectra, which is very advantageous in terms of run time, in par-
ticular for the simulations (response files are lighter too). We
extract a spectrum of the persistent emission of 4U1820-303
for an integration time of 200 seconds. The fit is performed
between 0.3 and 10 keV and the spectrum, optimally binned,
has more than 200,000 counts over 120 bins. This spectrum
enables us to explore the Gaussian statistic regime. For such a
spectrum, modeled as the sum of an absorbed power law plus
blackbody, we had a simulation budget of 100,000 spectra for a
single round inference and 5×5, 000 for multiple round inference
and no compression was applied to the spectrum. The training
started with a restricted prior eliminating the regions of the ini-
tial parameter space the farthest from the observation, based on
the C-STAT (equivalent to adding more inference rounds in our
case). This led to posteriors consistent with the ones derived
by XSPEC MCMC. Here we do not consider a restricted prior,
instead we extend the prior so that the observation is centered.
We keep the training set to 5,000 spectra that we compress into a
latent space of 64 dimensions. This ensures that the NDE is well
trained, as needed to perform accurate importance sampling. The
auto-encoder set up corresponds to a compression factor of ∼3.
Although for NICER-like spectra, the exact computation of the
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Fig. A.1. Mapping between the model parameters and the latent space
at round 2 to show the sensitivity or lack of the observation to the
model parameters. Three parameters can be predicted to have looser
constraints. This is particularly the case for the black hole spin and to a
lower degree for the irradiating source height and Fe abundance.
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Fig. A.2. BXA and SIXSA posteriors. The SIXSA posteriors have been
corrected by weighted importance sampling considering 400,000 like-
lihoods. As expected three out of seven parameters have poorer con-
straints, most particularly the black hole spin.

likelihoods is fast (4,000 simulations per second), we still con-
sider estimating them from the Likelihood_emulator that we
trained with 10,000 samples. In Fig. B.1 we compare the SIXSA
posteriors with the BXA to show the perfect alignment.

In BD24 we also explored low count spectra taken by NICER
along a type I X-ray burst from 4U1820-303. We consider here
one of these spectra, optimally grouped, containing ∼2, 000
counts over ∼90 bins, exploring the Poisson regime. We fit the
spectrum as the sum of an absorbed power law plus a black-
body, leaving the column density free. We run five inference
rounds with 5,000 spectra per round, compressed to a 64 latent
dimension. We run weighted importance sampling considering
200,000 samples and the exact computation for the likelihoods.
We run BXA to get the reference posterior samples. In Fig. B.2,
we show show the corrected posteriors with the reference BXA
ones and the folded spectrum and the 68% envelope for the
model components and their sum. As can be seen the poste-
riors are identical. We also pushed the latent space dimension
to 16 and the results were identical. Given the small number
of bins, no compression could be consider. Although there are
some signs of overfitting in the latest inference rounds, impor-
tance sampling applied to the posteriors derived from training
on raw spectra would deliver also exact posteriors. It is interest-
ing to note that projecting the raw spectra to a latent space of
dimensions comparable to the number of spectral bins removes
the overfitting. This shows the flexibility the method provides in
terms of compression factors for the spectra. Starting from the
same priors, SIXSA derives the exact posteriors in ∼4 minutes,
while BXA takes slightly less than one hour.

Appendix C: Application to XMM-Newton data

We aim to illustrate the signature of an under-trained NDE. To
this end, we analyze the XMM-Newton EPIC-PN spectrum of the
ultra-luminous X-ray source ULX-4 in NGC 7793, as retrieved
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Fig. B.1. Posterior distributions for both SIXSA and the reference pro-
vided by BXA. The SIXSA ones have been obtained after weighted
importance sampling, drawing 800,000 samples with the likelihood esti-
mated with the Likelihood_emulator trained on 20,000 samples.
There is a perfect match between the SIXSA and BXA posteriors. The fit
applies to a NICER spectrum of the persistent emission from 4U1820-
303.

by Quintin et al. (2021). We adopt the same spectral model as
in Dupourqué et al. (2024), comprising an absorbed power-law
plus a blackbody component. Background is neglected, and we
assume a minimum of 20 counts per grouped channel.

With this setup, we simulate spectra at a rate exceeding
6,000 spectra per second using 16 CPU cores. Our initial train-
ing set consists of 500 spectra, roughly an order of magnitude
fewer than typically required for reliable inference. We use 5
inference rounds and set the latent space dimensionality of the
auto-encoder to 64. Subsequently, we apply weighted importance
sampling, evaluating 400,000 likelihoods via exact computation,
which is fast due to the high simulation speed. For comparison,
we perform a second SIXSA run using a larger training set of
2,500 spectra, still relatively small by recommended guidelines
as listed above. Figure C.1 contrasts the resulting SIXSA pos-
teriors with the reference BXA posteriors. Several observations
can be made. First, as expected, the use of only 500 training
samples leads to poor performance of the NDE, reflected in the
irregular, spiky posterior distributions. Second, although 2500
samples remain on the low side, the inclusion of importance
sampling significantly improves the results, bringing the pos-
teriors much closer to the BXA reference. This translates into a
markedly higher sampling efficiency in the latter case.

To demonstrate the flexibility that importance sampling
offers in terms of training sample size for the NDE, we conduct
two additional SIXSA runs using 5,000 and 25,000 training sam-
ples, respectively, while keeping the auto-encoder latent dimen-
sion fixed at 64. Figure C.2 shows the JSD between the corrected
SIXSA posteriors and the reference BXA posteriors. As expected,
the poorly corrected posteriors from the 500 sample run result
in a significantly higher JSD. In contrast, using 2500 samples
already yields good performance, with diminishing returns ob-
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Fig. B.2. Left: Posterior distributions for both SIXSA and the reference provided by BXA. The SIXSA ones have been obtained after weighted
importance sampling, drawing 400,000 samples with the exact likelihood estimates. There is a perfect match between the SIXSA and BXA posteriors,
indicating that the technique works also on real data in the Poisson regime. Right: Folded spectrum and the posterior predictions for the total
spectrum and the two components. The spectrum corresponds to a short segment of observation taken at the peak of an X-ray burst: Five parameters,
including the column density, can be constrained with ∼2000 counts.

served beyond that. When analyzing the JSD between the
approximate posteriors and the BXA reference, we observe more
variability as a function of sample size. However, a general
trend emerges: as the number of training samples increases, the
approximate posteriors tend to converge toward the BXA results.
These findings highlight both the critical role of importance sam-
pling and the flexibility it offers in managing training sample
sizes.
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Fig. C.1. Posterior distributions for both SIXSA and the reference pro-
vided by BXA. The SIXSA ones have been obtained after weighted
importance sampling, drawing 400,000 samples with the exact compu-
tation for the likelihood. We consider two training sample sizes for the
NDE: 500 and 2,500 samples respectively. The irregular distributions
of the 500 run is due to an improper training of the NDE.
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Fig. C.2. JSD of the SIXSA posteriors corrected by weighted impor-
tance sampling with respect to the BXA posteriors. Four training sample
sizes are considered for the NDE : 500, 2500, 5,000 and 25,000 respec-
tively. The horizontal dashed lines indicate the limit under which the
posterior distributions can be considered as identical to the BXA ones
(Dax et al. 2023). The JSD with the posteriors computed by jaxspec is
also shown (a burn in of 1,000 and a chain length of 10,000).

A280, page 20 of 20


	Simulation-based inference with neural posterior estimation applied to X-ray spectral fitting
	1 Introduction
	2 The SIXSA pipeline
	2.1 Sample and simulate
	2.2 Summarize
	2.2.1 An auto-encoder tailored for X-ray spectra
	2.2.2 Principal component analysis and spectral summaries
	2.2.3 A parameter retriever: Retrieving the spectral model parameters from the latent representation of the spectra

	2.3 Infer
	2.4 Importance sampling
	2.4.1 Methodology
	2.4.2 A likelihood emulator to speed up importance sampling

	2.5 Posterior comparison

	3 Results
	3.1 Test case I: Narrow line above a smooth continuum
	3.2 Test case II: relxillp and the role of importance sampling
	3.3 Test case III: Double bvapec model
	3.4 Application to XRISM-Resolve data-6pt

	4 Discussion
	5 Conclusions
	Acknowledgements
	References
	Appendix A: Retrieving the model parameters from the latent space
	Appendix B: Application to NICER data
	Appendix C: Application to XMM-Newton data


