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Abstract

Simulation-based inference (SBI) is widely used to infer parameters of simulators whose
likelihood functions are intractable. Recent work has suggested that sequential, multi-
round training can improve upon a single round. While these conclusions are supported
by evaluations on benchmark tasks with at most 20 parameters, simulators of practical
interest can exhibit parameter dimensionalities exceeding 100. In the present work, we
systematically study the performance of both single-round and sequential SBI methods as
parameter dimensionality increases to 100. We show empirically that sequential methods
often perform worse than single-round methods in dimensions higher than 20.

1 Introduction

Ongoing advances in computational technology have enabled scientists to develop increasingly com-
plex simulators that represent underlying processes with unprecedented fidelity. Examples arise in
cosmology (Schafer and Freeman, 2012), neuroscience (Hashemi et al., 2023), and computer graph-
ics (Mansinghka et al., 2013). However, this increased complexity often renders the simulator’s
likelihood function intractable. Simulation-based inference (SBI, Cranmer et al., 2020) provides a
framework for performing parameter inference in this setting, with modern neural SBI methods
now widely used by practitioners to infer parameters of real-world simulators (Ramirez Sierra and
Sokolowski, 2025; Hashemi et al., 2023; Hull et al., 2024). These methods have both amortized and
sequential implementations. Sequential methods employ a multi-round training procedure in which
the approximation obtained at each round is used to guide future rounds. The sequential rounds
are designed to concentrate training samples in regions of the parameter space that generate data
resembling the observed data. Amortized methods can be thought of as sequential methods with
a single round. While amortized methods are cheaper (and often more stable) to train, the litera-
ture currently suggests employing sequential methods when high accuracy is required for a specific
observation (Lueckmann et al., 2021; Deistler et al., 2025; Papamakarios and Murray, 2016).

However, almost every assessment of SBI approximation quality that we are aware of uses parame-
ter dimensions less than 20 (this bound holds even beyond comparisons of sequential and amortized
methods; see Section 2 for details). Thus, it is plausible a priori that sequential methods behave
differently in high-dimensional settings in ways not captured by the existing literature. The only
systematic exploration of performance in high-dimensional parameter spaces (to our knowledge) is
Hashemi et al. (2023), who run SBI on an epilepsy model with hundreds of parameters. They com-
pare classification accuracy across parameter dimension (and other relevant SBI settings). Notably,
they evaluate only amortized methods (excluding sequential variants) and report strong performance.

A natural question is how the performance gap between amortized and sequential methods evolves
in high-dimensional settings. The study of Hashemi et al. (2023) also raises the question of whether
the extra expense of sequential training is worthwhile in high parameter dimensions. In this work,
we systematically compare the accuracy of leading sequential and amortized SBI methods across
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dimensions up to 100 in a controlled, stylized model. Rather surprisingly, we find that sequential
methods can sometimes degrade performance relative to their amortized counterparts.

2 Related Work

SBI Methods We Consider. We compare five SBI methods, which we choose as follows. The
popular sbi Python package (Boelts et al., 2025) includes defaults for three popular SBI variants
that all take different approaches to forming posterior approximations (sbi developers, 2024a): neural
posterior estimation (NPE, Papamakarios and Murray, 2016; Lueckmann et al., 2017; Greenberg
et al., 2019; Deistler et al., 2022), neural likelihood estimation (NLE, Papamakarios et al., 2019;
Glockler et al., 2022), and neural ratio estimation (NRE, Hermans et al., 2020; Durkan et al., 2020;
Miller et al., 2022). Each have sequential variants which we refer to as SNPE, SNLE, and SNRE,
respectively. In our experiments, we follow the default recommendations of the sbi package to ensure
that state-of-the-art variants are used in each of the three cases: For SNPE, the default is SNPE-C
(Greenberg et al., 2019), but sbi developers (2024b) recommend TSNPE (Deistler et al., 2022) if
SNPE-C fails, so we consider both. MCMC and VI are subroutines of SNLE, so we include both
(SNLE-MCMC, Papamakarios et al. (2019) and SNLE-VI, Glockler et al. (2022)) in our experiments.
For SNRE, SNRE-B (Durkan et al., 2020) with an MCMC subroutine is the default.

Data Dimensionality. It is well established in the literature that SBI methods degrade when
applied to simulators with high-dimensional data (Greenberg et al., 2019; Dirmeier et al., 2025;
Papamakarios et al., 2019; Hermans et al., 2022; Lueckmann et al., 2021), largely due to the difficulty
of extracting informative features from high-dimensional inputs. However, it is less well understood
how SBI methods scale to high-dimensional parameters.

Parameter Dimensionality. The original papers proposing SBI methods include empirical evalu-
ations on a range of tasks and simulators but do not examine the impact of high parameter dimen-
sionality on accuracy, with many focusing instead on the challenges posed by high-dimensional data.
For example, Greenberg et al. (2019); Papamakarios et al. (2019); Glockler et al. (2022); Dirmeier
et al. (2025); Durkan et al. (2020); Miller et al. (2022) evaluate their methods on simulators with
(often considerably) less than 20 parameters. Deistler et al. (2022) run their algorithm on two neuro-
science simulators with parameter dimensionalities up to 31. However, these experiments were used
to compare running time relative to SNPE-C; they did not assess posterior approximation quality.

Recent evaluation studies (Hermans et al., 2022; Lueckmann et al., 2021) propose a diverse range
of benchmark simulators and evaluate both amortized and sequential methods. However, they
only consider at most 10 parameter dimensions. Deistler et al. (2025) evaluate neural posterior
estimation on a neuroscience simulator with 31 parameters, but restrict attention to the amortized
setting, leaving open how a sequential variant would perform.

Appendix C contains a summary of the maximum parameter dimensionalities used in key SBI papers.

3 Experimental Methods

Setup and Notation. We assume access to a simulator that generates data x ∈ Rdx given a
parameter setting θ ∈ Rdθ . Since the generation process is stochastic, it implicitly defines a likelihood
π(x|θ). We assume that samples x can be obtained by forward simulation, but the likelihood
function π(x|θ) is intractable and cannot be evaluated pointwise. The simulator, combined with
a user-specified proper prior π(θ) and observed data xobs, defines an exact posterior π(θ|xobs) ∝θ

π(xobs|θ)π(θ). Practitioners often aim to approximate certain marginal means and variances of
the exact posterior, as these characterize the distributions of scientifically relevant parameters. To
approximate the posterior, SBI uses a training dataset {(xn,θn)}Nn=1 of N simulated samples from
the joint distribution π(x|θ)π(θ) (i.e. each θn ∼ π(θ) followed by xn ∼ π(x|θn)).
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The Model. For our experiment, we choose a model whose posterior can be sampled from directly
using simple Monte Carlo; that is, we choose a model with a reference ground truth posterior.

Since all SBI methods are trained on samples from the prior, we suspect they may struggle when the
region of high posterior mass occupies only a small fraction of the prior. Intuitively, a prior that is
much more diffuse than the posterior results in most training parameters θn lying far from the region
of high posterior mass. In this case, only a small fraction of training simulations will be informative
about the exact posterior. To study the impact of posterior concentration, we consider a sequence
of models in which this fraction decreases as d increases. In particular, we use a uniform-Gaussian
model, with likelihood and prior given by:

θ ∼ Unif[−Ld, Ld]
d and x|θ ∼ N (θ, Id),

where Ld controls the width of the prior, d = dθ = dx denotes the dimensionality of both the data
space and the parameter space, and Id is the d × d identity matrix. We condition on observing
xobs = 0, so our posterior becomes

θ|{xobs = 0} ∼ N[−Ld,Ld]d(0, Id), (1)

where N[−Ld,Ld]d denotes a truncated Gaussian distribution on the hypercube [−Ld, Ld]
d. The

dependence of the prior width Ld on the dimension d is described below.

Choice of the Prior Width. We let Ld be such that over 99% of the posterior mass is inside a
sphere of radius Ld; see Appendix B for further justification as well as details of our calculations
throughout this section. With this choice of Ld, we observe that the volume of this ≥99% credible
sphere divided by the volume of the prior is:

vol ({θ : ||θ||2 ≤ Ld})
vol([−Ld, Ld]d)

=
πd/2Ld

d/Γ(1 + d/2)

(2Ld)d
=

(√
π

2

)d
1

Γ(1 + d/2)
, (2)

which goes to zero super-exponentially fast as d → ∞ (see Fig. 3). Equivalently, since the prior is
uniform, the expected number of training parameters θn from the SBI training dataset {(xn,θn)}Nn=1

lying inside the ≥99% credible sphere is N times the quantity in Eq. (2).

We expect the SBI algorithms to struggle as d gets larger, since they are tasked with locating a
needle (the posterior mass) in an exponentially growing haystack (the prior support).

Choice of the Dimension and Data Dimension Confounding. A reader might be concerned
that we confound our experiments by presenting high-dimensional data at the same time we present
high-dimensional parameters. We note, though, that existing work suggests data dimensionalities
below 100 pose little challenge to neural SBI methods (Greenberg et al., 2019; Papamakarios et al.,
2019; Durkan et al., 2020). Since we will take d only up to 100, we expect negligible confounding
from the data dimensionality.

Evaluation Metric. Practitioners commonly report means and variances of key posterior
marginals. The posterior mean of ∥θ∥22 :=

∑d
i=1 θ

2
i is a sum over the marginal second moments

of the posterior and is therefore a summary of performance across dimensions. In what follows, we
report the empirical distributions of ∥θ∥22 for θ sampled from each algorithm’s posterior approx-
imation. We compare these distributions to ground truth, which is shown in Appendix F to be
indistinguishable from a χ2

d distribution.

Experimental Design. We conducted all our experiments in Python 3.9.6, using the sbi pack-
age (Boelts et al., 2025) for implementations of all SBI algorithms. We implement each sequential
method using 8 rounds of training, with 5000 simulations per round. At each round r ∈ {1, 2, ..., 8}
of training, we compute the squared norms of 5000 samples from the round-r posterior approxima-
tion π̃r(θ|0). We take the amortized (single-round) posterior approximations as π̃1(θ|0); namely,
the first-round posterior approximation from the sequential methods. See Appendix G for further
implementation details. Note that we are, if anything, overly generous toward the sequential meth-
ods in this design. The sequential methods are trained on 40,000 simulations whereas the amortized
variants recieve just 5000.
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4 Experimental Results

Figure 1. Upper row : Amortized (single round) performance. Lower row : Sequential (multi-round) per-

formance. Each column corresponds to a different SBI method. In each panel, we plot the exact posterior

mean of ∥θ∥22 (dashed black line) and exact 5% to 95% quantile region (gray shading) across parameter

dimensions d (horizontal axis: 3, 10, 25, 50, 75, 100). We plot the SBI method’s mean approximation (blue

dot), 5% quantile (orange dot), and 95% quantile (green dot). We run 10 repeated experiments and, for

each dot, include bars for ± two standard deviations across experiments.

Figure 2. We use the same visual indicators and columns as in Fig. 1, but now each panel shows the

performance of the sequential SBI method across rounds (horizontal axis) for a fixed dimensionality d = 25.

Amortized methods often beat sequential ones when parameter dimension is above 10.
Despite having eight times as many simulations to learn from and more runtime (see Appendix D),
we find that the sequential methods often perform worse than the amortized methods when d is
above 10. Consider d > 10 in each panel of Fig. 1. We see that the approximate posterior mean
and quantiles of ∥θ∥22 for both SNPE-C and TSNPE (first two columns) are much farther from
ground truth in the sequential case than in the amortized case. SNLE-MCMC performs worse in
the amortized case. Outside of a divergent VI run at d = 75, SNLE-VI performs comparably in the
amortized and sequential cases. SNRE-B performs comparably poorly in the two cases.

Our results are consistent with past low-dimensional studies. In low dimensions (d ≤ 10),
Fig. 1 shows that we do see improved performance of sequential methods over amortized methods.
This finding coincides with the previous low-dimensional evaluation studies from Section 2. That
said, we might expect the amortized methods to perform better with a more comparable simulation
budget.
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Extra rounds of TSNPE fail since sequential truncation loses posterior mass. Even at
d = 10, TSNPE begins to produce under-dispersed posteriors. This TSNPE failure mode arises
because its first-round posterior approximation π̃1(θ|xobs) is itself under-dispersed: Since TSNPE
uses the 1 − ϵ highest probability region of its first-round posterior approximation to truncate the
prior, all subsequent proposal distributions assign zero probability mass outside this region. This
action has the effect of “locking in” the poor start, and increasingly restrictive proposals amplify
the under-dispersion. We see this behavior directly in the TSNPE panel of Fig. 2.

Extra rounds of SNPE-C fail for d > 25, and it remains to understand why. We see
in the left row of Fig. 1 that SNPE-C performs substantially worse than the amortized equivalent
for d > 25. Even though the sequential variant does not perform substantially worse at d = 25,
Fig. 2 suggests a big dip in accuracy for SNPE-C between rounds 1 and 2 and seems to require the
remaining rounds up to 8 to recover. Fig. 6 in Appendix E confirms that this behavior only worsens
for higher dimensions; by d = 75, the approximation is monotonically becoming worse in each round.

SNLE-MCMC and SNLE-VI exhibit instabilities. The amortized and sequential variants of
SNLE (using either MCMC or VI subroutines) show comparable performance across dimensions.
All exceptions (d = 100 for multi-round with MCMC, d ≥ 50 for amortized with MCMC, d = 75 for
amortized with VI) seem to result from a small subset of unusual runs (Fig. 1). When we examine
the runs more closely, we confirm in each case that at most a handful of the ten repetitions yield
extremely large squared norms, over an order of magnitude larger than expected from the true
distribution.

One possible cause is the axis-aligned slice sampling procedure used for the MCMC subroutine in
SNLE-MCMC. Although we might expect this sampler to perform well for an axis-aligned Gaussian,
the MCMC procedure is applied with the approximated likelihood (and exact prior) rather than the
true Gaussian likelihood; the approximated likelihood may be sufficiently different from the exact
likelihood as to cause these instabilities. If our future work confirms this hypothesis (see Section 5),
we might mitigate the observed failures with an MCMC method expected to perform more robustly
in high dimensions, e.g. (Hoffman and Gelman, 2014). Notably, though, the similar failure of VI at
d = 75 opens up the possiblity of a more general SNLE issue.

5 Discussion

In this paper we have shown on a simple toy model that sometimes sequential (multi-round) SBI
variants can perform worse than their amortized (single-round) counterparts. A number of directions
remain to complete this work in progress. As an immediate set of next steps, we would like to:

• Compare sequential and amortized methods with an equal simulation budget.
• Compare SNRE-B with the VI subroutine; here we used the (default) MCMC subroutine.
• Check if the problematic SNLE runs can be detected with standard MCMC and VI diagnostics.

In the medium to long term, we plan to:

• Perform an analogous comparison on a model where we vary only the parameter dimension
while keeping the data dimension fixed.

• Compare to state-of-the-art Markov chain Monte Carlo methods as a best-case baseline.
• Run on more complex and diverse models that still allow a ground truth for comparison.
• Identify and test posterior geometries that might be challenging for the MCMC and VI sub-
routines.

• Run on real simulators. While we will not have ground truth in these cases, we can use
diagnostics such as simulation-based calibration (SBC) to compare.

• Carefully explore the failures of each method to ensure we understand the mechanisms under-
pinning each failure mode.

• Test MCMC samplers that are known to perform better in high dimensions as alternative
MCMC subroutines in SNLE-MCMC (instead of axis-aligned slice sampling).
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Appendix A. Algorithms

Neural SBI algorithms train powerful neural-network based conditional density1 estimators on simu-
lated parameter–data pairs in order to approximate the posterior (NPE, Papamakarios and Murray
(2016), Lueckmann et al. (2017), Greenberg et al. (2019), Deistler et al. (2022)), the likelihood
(NLE, Papamakarios et al. (2019), Glockler et al. (2022)), or likelihood ratios (NRE, Hermans et al.
(2020), Durkan et al. (2020), Miller et al. (2022)), enabling inference without requiring likelihood
evaluations. Most of these methods have both amortized and sequential implementations. Amor-
tized methods allow rapid inference and can be repeatedly conditioned on multiple different observed
datasets cheaply, but tend to be inefficient when high accuracy is required for a specific observa-
tion. When the goal is to accurately recover the posterior conditioned on a single observation xobs,
sequential variants (which we shall refer to as SNPE, SNLE, SNRE) are often required. These
methods employ a multi-round training procedure in which the posterior approximation obtained at
round r is used to guide the parameter proposals at round r + 1. This encourages training samples
to accumulate in regions of the parameter space with high posterior mass, improving the quality and
relevance of the training data: simulations are concentrated in areas that are most informative for
xobs rather than being wasted on regions of low posterior mass. For a fixed simulation budget, se-
quential methods have been shown to produce more accurate posterior approximations (Lueckmann
et al. (2021)), especially for models with high dimensional data and/or parameter spaces.

SNPE methods sequentially train a conditional density estimator qϕ(θ|x) to approximate the pos-
terior π(θ|xobs) directly. SNPE-C (Greenberg et al. (2019)) remains the most widely used variant
due to its stability and compatibility with flexible density estimators such as normalizing flows
(Papamakarios et al. (2021)). However, density estimator leakage issues have been documented in
SNPE-C, and TSNPE (Deistler et al. (2022)) aims to mitigate these by proposing parameters using
a truncated version of the prior. We consider both in our experiments.

SNLE, in contrast to SNPE, trains a conditional density estimator qϕ(x|θ) to approximate the in-
tractable likelihood function π(x|θ). A conventional likelihood-based Bayesian inference algorithm
such as MCMC (Hoffman and Gelman (2014)) or VI (Blei et al. (2017)) is then employed to approx-
imate the posterior with this surrogate likelihood: π̃(θ|x) ∝ qϕ(x|θ)π(θ). We refer to these variants
as SNLE-MCMC and SNLE-VI, respectively, and we consider both in our experiments.

SNRE trains a neural network classifier fϕ(x,θ) using a cross-entropy objective such that it con-
verges to the log-density ratio log(π(x|θ)/π(x)) up to normalization. Using this learned ratio, SNRE-
B (Durkan et al. (2020)) applies MCMC using the unnormalized posterior exp (fϕ∗(xobs,θ))π(θ)
to generate samples from the posterior π(θ|xobs). Durkan et al. (2020) showed that SNRE-B and
SNPE-C are closely related and can be unified within a contrastive learning framework.

Appendix B. Quantifying the Curse of Dimensionality

It is well known that the squared Euclidean norm of a sample θ ∼ N (0, Id) (i.e. from an un-truncated
Gaussian with the same mean and covariance as (1)) follows a χ2

d distribution. Using this fact, we
can write

P (||θ||2 ≤ R) = P
(
||θ||22 ≤ R2

)
= Fχ2

d
(R2) for θ ∼ N (0, Id)

where Fχ2
d
denotes the CDF of the χ2

d distribution. Thus, if we want a spherical region SR0.99
:=

{θ : ||θ||2 ≤ R0.99} that contains 99% of the mass of the N (0, Id) distribution, we can solve

Fχ2
d
(R2

0.99) = 0.99 =⇒ R0.99 =
√
F−1
χ2
d
(0.99) (3)

1. Or density ratio estimators in the case of NRE (Hermans et al. (2020), Durkan et al. (2020), Miller et al. (2022)).
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Taking the prior hypercube width L to equal the radius R0.99 ensures that SR0.99
is contained within

[−L,L]d, since:

||θ||2 ≤ R0.99 = L︸ ︷︷ ︸
θ in hypersphere SL

=⇒
d∑

i=1

θ2i ≤ L2 =⇒ ∀i, |θi| ≤ L =⇒ θ ∈ [−L,L]d︸ ︷︷ ︸
θ in hypercube [−L,L]d

Therefore, taking L = R0.99 ensures that at least 99% of the probability mass of a N (0, Id) is
contained in the hypercube [−L,L]d. Moreover, since the exact posterior is a truncation of aN (0, Id)
to [−L,L]d, it is guaranteed that more than 99% of the mass of the exact posterior (1) is contained
in SL (for large d, it can be shown that this approaches 100% - see Figure 4). In other words, SL

is a 99% credible interval for the exact posterior π(θ|0). This setup provides a controlled setting
for us to analyze how accurately the SBI methods locate the region of high posterior mass when it
occupies only a small fraction of the prior support. In particular, we can quantify how concentrated
the posterior is relative to the prior by computing the probability of a prior sample θ ∼ π(θ) landing
in the 99% posterior credible interval SL. This probability provides a geometric measure of how
challenging the simulation-based inference problem becomes as the dimensionality d increases (see
Sections 1.3–1.4 of Betancourt (2018)). Since the prior is uniform, this probability is equal to the
volume of SL divided by the total volume of the prior support [−L,L]d, and is given by2:

Pθ∼π(θ) (θ ∈ SL) =
vol ({θ : ||θ||2 ≤ L})

vol([−L,L]d)
=

πd/2Ld/Γ(1 + d/2)

(2L)d

=

(√
π

2

)d
1

Γ(1 + d/2)
(4)

which goes to zero super-exponentially fast as d → ∞ (see Figure 3). Equivalently, for an SBI

training dataset {(xn,θn)}Nn=1
i.i.d∼ π(x,θ) of size N , the expected number of training parameters θn

lying inside SL (i.e. the expected number of ”informative” training samples) is N times the quantity
in Eq. (4), which likewise decays super-exponentially with dimension d. Thus, we expect the SBI
algorithms to struggle as d gets larger, since they are tasked with locating a needle (the posterior
mass) in an exponentially growing haystack (the prior support).

Figure 3. Volume ratio (4) against d. The vertical axis is on log10 scale.

Appendix C. Parameter Dimensionalities of Existing Studies

In Table 1, we show the maximum parameter dimensionality considered in accuracy evaluations
across a collection of SBI papers.

2. The numerator is the volume of a d-dimensional hypersphere, which is attributed to a paper published in 1839
by the Belgian mathematician Eugène Catalan.
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Figure 4. The amount of probability mass discarded when approximating a N[−L,L]d(0, Id) distribution

by a N (0, Id) for various dimensions d (where L is computed using (3)). This mass discrepancy falls below

10−7 beyond the moderate dimension d = 14.

Paper Max dθ Comments

SNPE-A (Papamakarios and Murray, 2016) ∼ 5 -
SNPE-B (Lueckmann et al., 2017) ∼ 12 -
SNPE-C (Greenberg et al., 2019) ∼ 10 -
SNLE(-MCMC) (Papamakarios et al., 2019) ∼ 12 -
SNLE(-VI) (Papamakarios et al., 2019) ∼ 10 -
SSNL (Papamakarios et al., 2019) ∼ 10 -
SNRE-A (Hermans et al., 2020) ∼ 5 -
SNRE-B (Durkan et al., 2020) ∼ 5 -
SNRE-C (Miller et al., 2022) ∼ 10 -
TSNPE (Deistler et al., 2022) ∼ 20 Ran dθ = 30 but didn’t check accuracy

Benchmarking SBI (Lueckmann et al., 2021) ∼ 10 -
Trust Crisis in SBI (Hermans et al., 2022) ∼ 5 -

Table 1. Maximum parameter dimensionalities considered in key SBI papers. Existing studies predomi-

nantly focus on low- to moderate-dimensional parameter spaces, with limited analysis of how performance

scales as parameter dimensionality increases.

Appendix D. Runtimes

Figure 5 depicts the total runtime (sampling + training time for all 8 rounds) of each algorithm as
a function of dimensionality d.

Appendix E. Squared norms across rounds

Fig. 6 depicts the mean, 0.05 quantile, and 0.95 quantile of the empirical distribution of the
squared norms of samples from the approximate posterior at each round of training, for d ∈
{3, 10, 25, 50, 75, 100}.
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Figure 5. Total runtime of each algorithm (in minutes) as a function of dimensionality d, averaged across

10 repeated experiments. The left panel shows single-round variants, and the right panel shows 8-round

variants.

Appendix F. Distribution of Squared Norms

Figure 7 shows a histogram representation of the distribution of ||θ||22 for 200000 draws θ ∼
N[−L,L]d(0, Id) for various d. For all dimensions shown, the distribution of ||θ||22 is indistinguishable
from a χ2

d distribution, which justifies the squared Euclidean norm metric used in our analysis.

Appendix G. Implementation Details

All experiments were conducted in Python 3.9.6, using the sbi package (Boelts et al. (2025)) to
implement the SBI algorithms. The sbi toolbox provides an interface for the main SBI algorithms
(NPE, NLE, NRE) along with built-in support for sequential and amortized training using PyTorch.
Its modular design allows researchers and practitioners to experiment with different density estima-
tors, neural architectures, embedding networks, and training schemes in a reproducible manner.

To ensure that our experiments reflect typical usage by practitioners, we use the recommended
defaults from the sbi package unless stated otherwise. We stress that practitioner-focused validation
studies like ours should refrain from selecting hyperparameters based on performance on benchmarks
with known ground truth. Not only does this provide an unrealistic reflection of typical usage, but
it also risks overfitting to specific benchmark tasks, which would limit the generalizability of any
conclusions drawn about the algorithm. Thus, we adopt settings that are intended to generalize
across all tasks we consider.

In practical applications of SBI algorithms, hyperparameters are typically chosen by monitoring
metrics such as training and validation losses, with adjustments made to ensure stable training.
When there were architectural choices to be made, such as selecting embedding networks for different
types of data, we followed standard machine learning guidelines. For example, when working with
high-dimensional raw images, it would be natural to use a CNN embedding network to process the
data.

We leverage insights from other validation studies (Lueckmann et al. (2021); Hermans et al. (2022);
Deistler et al. (2025)) where possible. For example, Lueckmann et al. (2021) found that using
vectorized axis-aligned slice sampling with multiple chains as the MCMC method in SNLE-MCMC
led to strong results across tasks (see their Appendix H.3).

We note that TSNPE failed to produce a single sample within a tractable time when using rejection
sampling to truncate the prior when d ≥ 10. This is because the round 1 posterior approximation
concentrates significantly relative to the prior, meaning the truncation set occupies only a tiny
fraction of the prior’s volume, resulting in an extremely low acceptance rate for rejection sampling.
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To avoid this, we follow the approach of the original authors (Deistler et al. (2022)) and employ
sampling importance resampling (SIR) to draw from the truncated prior for all dimensions d.

Code for all experiments can be found at:

[REDACTED FOR ANONYMITY. Link to repo will be provided in the camera-ready version.]
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Figure 6. The mean, 0.05 quantile, and 0.95 quantile of the empirical distribution of the squared norms of

samples from the approximate posterior at each round of training, for d ∈ {3, 10, 25, 50, 75, 100}. The true

mean and quantiles (of a χ2
d distribution) are the black dashed line and shaded region, respectively. Each

mean and quantile is accompanied by an error bar representing ± two standard errors from 10 repeated

experiments. The closer the vertical lines lie to the shaded gray region, the more closely the approximate

posterior matches the true posterior. Vertical lines above/below the shaded region suggest over-/under-

dispersion, respectively.
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Figure 7. Histogram representing the distribution of ||θ||22 for 200000 draws θ ∼ N[−L,L]d(0, Id) for various

d. For all dimensions shown, the distribution of ||θ||22 is indistinguishable from a χ2
d distribution.
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