Pokie: Posterior Accuracy and Model Comparison
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Abstract

We present Pokie, a sample-based method for comparing posterior distributions.
Pokie estimates the expected probability that samples from an inferred posterior
match the true, unknown posterior of a probabilistic model for which only joint
samples are available. This framework enables direct Bayesian model comparison
by assessing how each model’s posterior distribution aligns with the posterior of
the true model, all while avoiding evidence computation and relying solely on
simulations. We show that Pokie converges to a score of 2/3 under well-specified
models and has a lower bound of 1/2 in the worst case. We demonstrate its
effectiveness across several toy problems and cosmological inference tasks. Code:
https://github.com/SammyS 15/Pokie,

1 Introduction

In probabilistic modeling, where the relationship between observations = and parameters y is de-
scribed by a probabilistic model p(z,y | M), two fundamental challenges arise across diverse
scientific fields: quantifying posterior distribution calibration in Bayesian inference [3} 7} [15] 27} 28]
and conducting Bayesian model comparison [9, [18| 22| |29]. In Bayesian inference, the posterior
distribution is an update of prior beliefs about parameters y after observing data x. This update is
derived using Bayes” Theorem: p(y | 2, M) « p(z | y, M)p(y | M).

Evaluating whether a posterior estimator is calibrated is crucial, particularly with the rise of implicit
inference methods powered by deep learning [e.g.!4}[16}[17]]. The ideal quality metric would compare
the inferred posterior to the true posterior distribution. In a simulation-based framework, however,
only joint samples x*, y* ~ p(z,y | M) are typically available, limiting the applicability of many
existing metrics. [14]], which often assume access to the true posterior or its density.

Bayesian model comparison aims to rank competing hypotheses based on their ability to reproduce
the joint behavior of observations and parameters, effectively balancing fit and complexity. The
classical Bayesian approach relies on the computation of the model evidence p(z | M) = [ p(z |
y, M)p(y | M)dy [[10], which is often computationally intractable, particularly in high-dimensional
parameter space or simulation-based settings [, 25].

To address both of these challenges, we propose Pokie (Posterior over K Inference Estimations), a
likelihood-free, sample-based approach designed for probabilistic posterior comparison. Building
upon TARP [12] and PQMass [13]], Pokie quantifies the expected probability that the samples of
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the inferred posterior distribution match the true unknown posterior distribution, using only joint
fiducial samples z*, y* ~ p(x,y | M). Pokie operates with minimal assumptions, leveraging only
the Central Limit Theorem (CLT) to produce the scaled-value calibration score, referred to as the
Pokie score. The Pokie score allows for a Bayesian model comparison by quantifying how closely
each candidate model’s posterior approximates that of the reference model. As a result, by shifting the
comparison from data space to parameter space, Pokie enables Bayesian model comparison without
requiring explicit computation of the evidence, and remains effective even in high-dimensional
parameter spaces.

In summary, our contributions are as follows. We introduce Pokie as a new framework for posterior-
level model comparison that avoids likelihood evaluation. We show that Pokie provides a score that
converges to % for well-specified models and to % for poorly specified ones in the infinite-sample
limit. Finally, we demonstrate the effectiveness of our method on several tasks.

2 Method

Let M be a candidate model and let M* be the ground-truth model. Our objective is to evaluate
whether the posterior under, p(y | z*, M) is calibrated with respect to the true posterior, p(y |

¥, /\/l*) We assume we only have access to posterior samples {y}~; ~ p(y | *, M), and
joint samples z*, y* ~ p(z,y | M*) from the true model, i.e. we only have one sample from

p(x [y, M*).

Given that two distributions are equal if they assign the same mass on all measurable regions R,
following PQMass [13] framework, we compare distributions by comparing the number of samples
falling into randomly constructed regions R. Formally, we denote

N
n=> 1[y€R| and k=1[y* € R], (1)

=1

where n is the number of posterior samples that fall inside the region, and % indicates whether the
ground-truth parameter y* is contained within R. These two random variables follow n ~ B(N, A,,),
and k& ~ B(1, A\g), with \,, and A, denoting respectively the posterior mass of p(y | z*, M) and
p(y | z*, M*) that falls in R, that is

A :/ p(y | ", M)dy and Aj :/ p(y | %, M*)dy.
R R

We define random regions R by first sampling a center point from the parameter space, ¢ ~ ., and
selecting a random posterior y; sample from {y}},. The region R is then defined as a hypersphere
centered at ¢ with radius ||c — y;||. This construction, based on TARP [[12]], introduces stochasticity
and avoids bias from fixed regions, allowing for the exploration of the entire parameter space.

The fact that only a single sample is available from the true posterior motivates us to cast the
comparison in a Bayesian framework. Specifically, we derive the probability that y* falls in the region
R given that n samples from {y}¥, falls in R, that is: p(k | n, R). Under the null hypothesis:

y*~ply |25, M), 2
(i.e., A\, = A\, VR), we derive the analytic posterior predictive probability (proof in Appendix [D.T):
n+1 N-n+1
k=1 R)=———= and p(k=0 R)=———.
p(h=11nR) = 220 and p(k=0]nR) =211

Averaging these probabilities across all fiducial draws and simulations defines the Pokie score:

Ppokic(M) = Ep(z) [Epinr|2) [Pk | 7, R)]] 3
with Z = (y*,z*, {y}¥,). The score is approximated using Monte Carlo integration as

1 L

Protie(M) ~ = > (ki | i, Ra), “4)

=1



with L the number of fiducial values. In practice, we generate several hyperspheres per fiducial to
mitigate both the limited number of fiducials and the single posterior sample from the true posterior
distribution. In Appendix [C| we provide algorithm [T} the pseudocode for estimating the Pokie
score. We demonstrate in Appendix [D.2]and Appendix [D.3] that within the limit of infinite samples,
Ppokic (M) converges to % for well-specified models (M = M™) and to % for poorly-specified
models (M # M™). Pokie offers a direct approach to Bayesian model comparison by evaluating
how closely the posterior distributions of candidate models match the posterior of the true model.

3 Experiments

For all experiments, centers c are sampled from 2/(0, 1), parameters are normalized to [0, 1], and we
use 100 hyperspheres per fiducial. Experiments are run on an M2 MacBook Air with 8 GB of RAM.

3.1 Linear regression

We consider a linear regression task where we infer the posterior distribution over weights § =
[m, b] of the linear model y = mx + b + n with n ~ N(0,02), and 6 ~ N (0, 30). Because
both the likelihood and prior distributions are Gaussian, we can derive an analytical form of the
posterior distribution p(8 | y) = N'(0 | ftpost, Spost), Where Spog = (5" + AT 51 A)_l, Lpost =
EPOS[(AT b3y Ly + Xy ! uo), and ¥,, = 021 denotes the observation noise covariance matrix.

We define five models where we perturb the mean vector with increasing noise levels, n =
{0.001,0.01,0.01,0.10,0.20,0.25} , and choose the model with the least noise as our true model.
To simulate miscalibration, we apply a fixed directional bias of magnitude /7 to the posterior mean
vector, shifting it equally along both parameter dimensions. We consider 5 000 fiducial samples, i.e.
we have 5 000 posterior distributions. From each posterior, we draw 5 000 samples from our analytic
posterior distribution to evaluate the model’s sensitivity and determine which posterior is the best
calibrated. The results, shown in Table[I] demonstrate that Pokie correctly identifies the least noisy
posterior as the most accurate and ranks posteriors with higher noise as progressively less accurate.
This result showcases Pokie’s ability to identify the most in-distribution posterior.

Noise Level | Pokie Score (68% CI)
Table 1: Pokie score with 68% bootstrap 0.001 0.6670 + 0.0011
confidence intervals for each noise level. 0.010 0.6417 + 0.0020
We demonstrate that Pokie assigns 0.100 0.5669 £ 0.0005
higher calibration and probability to the 0.150 0.5589 4 0.0009
model with the lowest noise. 0.200 0.5548 + 0.0009
0.250 0.5517 + 0.0009

3.2 Strong lensing background source reconstruction: detecting prior distribution shifts

We apply Pokie to the inference of pixelated background sources in strong gravitational lensing. For
this, we use the score-based models (SBM) method from 2 to iteratively learn the prior distribution
and get posterior distributions.

We use the same lensing forward model as 2, and consider 4 different simulation models, by using
different prior and different Gaussian additive noise y = Ax + 7, with n ~ N(0,0,) : (1) spiral
galaxies p,(z) and o, = 2, (2) spiral galaxies ps(z) and o,, = 0.5, (3) elliptical galaxies p.(z) and
oy = 2, and (4) elliptical galaxies p.(z) and o, = 0.5. The true model is the one with spiral galaxy
prior z ~ ps(z) and, o,, = 2. We consider 16 observations and corresponding fiducial parameters.
For each observation, we generate 64 posterior samples from our SBM. Some observations y, ground
truths 2*, and posterior samples under each configuration are shown in Appendix [G] We then run
Pokie to evaluate the 4 models. The results in Table[2} show that Pokie favors the best model (first
row), demonstrating Pokie ability to scale well with dimensionality, (3 x 64 x 64 pixels), as well as
its sensitivity to detecting distribution shift in the prior regime for complex astrophysical data, even
in low samples and fiducial regime.

3.3 Conditional distributions

Beyond its use in Bayesian inference, Pokie is also effective for evaluating the similarity of general
conditional distributions. We demonstrate this by comparing how well a Conditional Variational



Table 2: Pokie score with 68% boot-

Prior and Noise Level | Pokie Score (68% CI)

strap confidence intervals. p.(z) and o, = 2 0.6518 £ 0.0369
We demonstrate that Pokie assigns ps(z) and 0, = 0.5 0.5728 £ 0.0089
a higher score to the lensing model pe(z) and 0,y = 2 0.5214 £ 0.0168

with the correct prior and noise 0.5085 £ 0.0069

level.

pe(z) and 0, = 0.5

Autoencoder (CVAE)[8l 23] and a conditional diffusion model [6] (see Appendix [H|approximate the
true conditional distribution p(image | label) of MNIST digit

For each model, we generate 1 000 samples per digit class conditioned on the respective labels (see
Appendix|[[) and compare against 100 randomly selected MNIST test samples per class. Table[3|shows
the results. The CVAE achieves scores ranging from 0.543 to 0.592, indicating only partial learning
of the conditional distributions, with some digits proving especially challenging. The diffusion
model performs substantially better, with scores consistently between 0.652 and 0.661, approaching
the theoretical maximum of % for well-specified models. We repeat this analysis using TARP (see
Appendix [J) and observe agreement between the two metrics. This experiment demonstrates that
Pokie not only distinguishes between models of differing quality in conditional generation but also
surfaces class-level weaknesses. This experiment illustrates that Pokie applies naturally beyond
Bayesian posteriors: it can be used to evaluate any learned conditional distribution.

Table 3: Pokie scores for con- MNIST Digit | Conditional VAE | Conditional Diffusion
ditional generative models on 0 0.5683 £+ 0.0058 0.6579 + 0.0039
MNIST. 1 0.5922 4+ 0.0039 0.6524 £+ 0.0044
2 0.5437 £+ 0.0050 0.6613 4+ 0.0041
The diffusion model consistently 3 0.5682 + 0.0066 0.6564 + 0.0038
achieves scores near the theoret- 4 0.5547 + 0.0045 0.6561 + 0.0037
ical optimum of 2, indicating it 5 0.5557 £ 0.0045 0.6590 £ 0.0042
successfully learns the true condi- 6 0.5703 £ 0.0056 0.6593 £ 0.0037
tional distribution p(image | label), 7 0.5827 + 0.0059 0.6566 + 0.0039
while the CVAE shows substan- 8 0.5503 =+ 0.0058 0.6589 =+ 0.0036
tially poorer performance. 9 0.5667 + 0.0046 0.6585 + 0.0043

4 Discussions and Conclusion

We introduce Pokie, a sample-based metric for evaluating posterior calibration and model comparison.
Pokie quantifies the expected probability that samples from an inferred posterior distribution match
those from the true, unknown posterior, using only joint samples from the probabilistic model. This
framework allows for model comparisons directly in parameters, bypassing the need for analytical
likelihood and computation of model evidence. We showed that Pokie has well-defined theoretical
bounds: it converges to % for well-calibrated models and has a lower bound of % for misspecified
ones. Our experiments demonstrate Pokie’s ability to identify out-of-distribution posteriors, model
misspecification, and out-of-distribution priors, and rank multiple models effectively. Its scalability,
interpretability, and reliability make Pokie a practical and principled alternative to existing methods
for assessing posterior calibration and model comparison.

We conducted two additional studies to support these claims. First, in Appendix [K]we compare the
Pokie score to the Bayes Factor (BF) for experiments where the BF is tractable. For these experiments,
we observe agreement between the two metrics. Then, in Appendix|[[]we present a sensitivity analysis,
varying the model dimensionality, the number of posterior samples, the number of hyperspheres per
fiducial, and the number of distinct posterior distributions. We demonstrate that Pokie is robust across
these variations.

While we have demonstrated that Pokie performs well across multiple experiments, there are important
limitations to consider. First, Pokie relies on a sufficient number of fiducial and posterior samples to
produce reliable estimates; otherwise, Pokie may become noisy or uninformative. Second, similarly
to PQMass, Pokie assumes that the samples are independent and identically distributed (i.i.d.). Pokie
requires access to the ground-truth parameters, limiting its applicability to real data. Finally, Pokie is
only a necessary condition for correctness. In future work, we will explore the sufficiency condition
as well as delve deeper into the complementarity of the Bayes Factor and Pokie.

"http://yann.lecun.com/exdb/mnist/
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A TARP

TARP [12] is a method for estimating coverage probabilities of generative posterior estimators using
only posterior samples, without requiring access to explicit posterior densities. This is particularly
valuable in high-dimensional inference problems where density evaluations are unavailable or compu-
tationally prohibitive. TARP provides a way to validate whether posterior samples accurately reflect
the true distribution, even in simulation-based settings where traditional methods fail.

TARP constructs coverage regions in parameter space. Specifically, given a true parameter 6*, TARP
defines a hypersphere centered at a randomly chosen reference point, 6,., with a radius defined to be
d(6*,0,.). The coverage is then estimated as the proportion of posterior samples that fall within this
region:

:\'—‘

Z 0;7,0,) < d(07,0,)]

where 6;; ~ p(0 | x) are posterior samples. TARP’s key theoretical insight is that if this expected
coverage holds uniformly over random choices of 6,., then the posterior samples are guaranteed to be
calibrated. This setup allows TARP to validate the accuracy of posterior inference without requiring
likelihood evaluations or explicit density functions.

Pokie adopts the TARP’s framework of working in the parameter space and utilizing the hypersphere
setup to perform sample-based analysis, but modifies it in two key ways. First, instead of defining
the region radius via the distance to the true parameter 6*, Pokie defines the radius from 6, to a
randomly chosen posterior sample. This allows Pokie to define posterior quantile-like regions without
needing knowledge of 8* when defining the region itself. Second, Pokie introduces k, a Bernoulli
variable, which records whether §* falls inside the randomly defined region. This formulation enables
a probabilistic scoring mechanism that aggregates over many such randomized comparisons, yielding
a theoretically bounded metric that discriminates between well and poorly calibrated models.

B PQMass

PQMass [[13] is a sample-based method designed to assess whether two sets of samples originate
from the same underlying distribution. The fundamental idea is to compare probability masses over
multiple regions of the sample space, leveraging the properties of multinomial distributions.

Formally, given two distributions p and ¢, they are considered equal if their probability measures
coincide over all measurable sets R C €):

P,(R) = P,(R) VR CQ. (5)

The probability mass of a region R under p can be unbiasedly estimated as:

N
1
Pp(R) = Eyp(y)[L(y € R)] Z 1(yi € R), (6)
z:l

where y; ~ p(y) are N independent samples. Furthermore, given a set of N samples y; ~ p(y), and
one region, the number of samples falling within R follows a binomial distribution:

n~B(N,\), A=P,(R). 7

This property allows for the comparison of two distributions by comparing the binomial distributions
over multiple chosen regions k.



C Pokie algorithm

Algorithm 1 Computing Pokie score for model M

1: Input: Number of fiducial draws L, region samples L,., posterior samples [V
2: Output: Pokie score Ppokie(M)

3: Initialize score < 0

4: for j =1to L do

5: Draw yi ~ p(y | ¥, M)

6:  Draw {y;;}L) ~p(y | 2", M)

7: for { =1to L, do

8: Sample c; ¢ ~ 7,

9: Tj0 < d(Cj’g,yi,j)
10: Rje<+{y:dly,cje) <mje}
11: n < Zz 1[y7l,j c Rj}[]
12: k<« 1ly; € Ryl
13: Update score + = %_:2 ifk=1,else + = Nﬁzgl
14: end for
15: end for

16: return Ppoyie (M) = S

When Z = (y*,x*, {y}~,) is limited, one can run Pokie with L = 1; however, this provides limited
information about how well the posterior model is calibrated to the true posterior. In this scenario,
we outline two practical strategies to improve the estimation of calibration.

To mitigate the limited number of fiducial samples, we adopt a Monte Carlo approximation of the
Pokie score by fixing the fiducial sample y*, z* across draws L, while independently resampling
posterior samples {y; };VZI ~ p(y | =*, M). This approach, aligned with Equation 4, marginalizes
over posterior variability while preserving the i.i.d. assumptions required for Pokie. Note that this
approach can be considerably more computationally intensive.

An alternative approach is to consider reusing y* and {y; };V: 1 across Monte Carlo iterations when
it is too computationally intensive to resample Z. In this case, we rerun Pokie by generating new
regions R, defined by keeping c the same, drawing new y;, and recomputing the distances ||c — y; ||,
while holding the posterior samples fixed. While this reuse violates independence assumptions, it
offers substantial computational savings. Empirically, and similarly to PQMass, we find that this
approximation can still yield useful assessments of posterior calibration. We leave the choice to the
user to determine if this approach is sufficient for their use case.

D Proofs

D.1 Pokie statistic derivation

Proposition D.1 (Pokie statistic). Let R be a region centered at ¢ with radius ||c — y;| where
y;j ~ ply). Let n ~ B(N,\,) and k ~ B(1,\;) with \,, = [p(y)L(y € R)dy and N\, =
J a(y)1(y € R)dy, be two random variables. Then, under the null hypothesis "\, = A\, VR", the
conditional distribution of k given n and R is given by:

n+1
plk=11nR) = 5=
N-n+1



Proof. We begin by marginalizing over the shared parameter A\, where we defined A = A, = A\
under the null hypothesis:

MM%M:/ﬂhMmmM,

= [ bk [ n AR n, RY ©)
Since k is independent of n given A and R the probability becomes
p(k |, R) = [ plk | A RIP(A| n R)A (10)
By applying Bayes theorem, we obtain
p(k|[n,R)
 /
=—— [ p(k | \,R)p(n | A, R)p(A | R)dA. (11)
TR | P DRI A RO R)
By assuming an uninformative distribution p(A | R) = U0, 1], we derive
1 1
p(k n,Rzi/pk AR)p(n | A, R)dA. (12)
(k1. R) = s | ol ARl | A R)
Recalling that p(k | A, R) = p(k | A\) = B(1,A) and p(n | A\, R) = p(n | \) = B(INV, \) we have
p(k|n,R) =
(1) () "k RN
AT—LA;——/’AMO—AV’+*%X (13)
fo p(n | A, R)dA Jo
Recognizing the Beta distribution we end up with
p(k[n,R)

(1 \Blk+n+1,2—k+N —n)
<k:+1> Bn+1,N —n+1)
I(k+n+1)I(2—k+ N —n)

= 14
T2 — (k£ )T(n+ DN —n+ 1) (N +2) 14

Finally, we have for k = 0

N-n+1
k= = 15
plk=0[nR)=—m"——, (15)
and for k =1
n+1

p(k | n,R) Ni2 (16)
O

D.2 Pokie calibration convergence

Theorem D.2 (Pokie Calibration Convergence). Let M™ denote the true model, and let M be a

candidate model. Suppose that for all simulation x ~ p(x | M*), the posterior distributions agree:
p(y | z, M) = p(y | ©, M*). Then, the Pokie score of M satisfies

]P)Pokie(M) = %
Proof. Using the law of total expectation and the fact that the expression of p(k | n, R) (Equation 3)
does not explicitly depend on R, [Equation 3|becomes:
Ppokic(M) = Epn,r) [P(k|n, R)]
= Epgk.n) [p(k[n, R)]

10



Given that k|\; and n|), are independent we write:
p(k,n) = /p(k, Ny Ap, Ak )dAnd\k (17)
= [ AP AN 1s)

Replacing p(k, n) into the expectation, we derive

]Ep(k,n,R) [p(k|nv R)]
= Epnern) [Eptkiropnirg PR, R]] -

By substituting the explicit expressions of the Bernoulli and Binomial distributions, we derive

PPokie(M)
= Epondpkop(eirg)
n+1 N—-n+1
k=14 ———F— 1(k =
g 100+ T k=0
= Epouan)
NX, +1 N—-NX\, +1
AU A O B .
[N+2 At TR ( A’“)}
After simplifying this expectation, we find:
PPokie(M)
_2NENM] = NE[N] = NE[M+N+1 (19)
B N+2 '

Under equality of posterior distributions for all observations, we have that \,, = ), for all R and
p(An, Ak) = 6(An — Ag)p(An). Substituting into the Pokie expectation formula we get

_ QNEP()\”)[A%] — QNEP()\”)[AM + N+1

Ppoki 20
Pokie (M) N2 (20)
According to the Probability Integral Transform theorem, the continuous random variable

A= [ 9ty L2, MYy = el < s el d, @

with y; ~ p(y | «, M), follows a uniform distribution on [0, 1]. Hence, by using A,, ~ U0, 1], we
derive

2N-1—-2N-14+N+1
N +2

_M_)g aSN—>
“3N+2) 3 o

Ppokie(M) =

We note that this result is a necessary condition. Determining whether this condition is also sufficient
is left as future work.

O
D.3 Pokie score lower-bound
Proposition D.3 (Pokie score lower-bound). Let M* be the true model and M a candidate model.
Suppose that for every x ~ p(x|M*), yrm ~ p(ylz, M) and yp= ~ p(ylx, M*) satisfies yp L

Y=, then
Ppokic (M) = 3.

11



Proof. Recall the Pokie score from Eq. (I9):

Ppokic (M)
_ 2NEMA] — NE[N,] - NEN]+ N +1
= N +2 '

Under independence of posterior distributions, we have that A,,|R 1L Ag|R. Additionally, by
choosing an uninformative uniform distribution on [0, 1] for p(\,,|R) (as used in the derivation of
the Pokie statistic), and recalling that p(\,,) is uniform on [0, 1], we can simplify the expression of

as follow

Ppokie (M)
_ 2NEyr) [Epr, i m) Pndel] — NED] + 5 41
- N+2
_ 2N By [3Eponm) [Me]] = NEN] + 5 +1
- N +2
_ NEN] - NEN]+ 5 +1
N N+2
_ 5+l
N +2
_1
= 5.

E Analyzing distribution shifts

By definition, Pokie is the expectation of the probability p(k | n, R) over fiducial values, and we
demonstrated insubsection D.2|and [subsection D.3|its upper and lower bounds. In this experiment,
we aim to test the distributional shift of a unique distribution, i.e., we aim to test if Pokie can detect
misspecification using only one fiducial value. For this, we use Gaussian Mixture Models (GMMs) of
100 dimensions and 20 mixture components as our unique posterior distribution without performing
Bayesian inference. The means and variances of each component of the true model are randomly
selected. The other posteriors are built by introducing a shift of the vector of ones multiplied by /,
along the diagonal direction. This setup simulates a scenario with generative models that are either
in- or out-of-distribution. From each GMM, both truth and shifted, we generate 5000 samples.

We then run Pokie to test if it can detect a distribution shift using only one fiducial. Our result in
Table 4] shows that Pokie correctly identifies the model with [ = 0 as the best-calibrated, while
classifying the others as out-of-distribution. This highlights Pokie’s ability to detect shifts using a
single posterior distribution.

Table 4: Pokie score with 68% bootstrap Model Shift | Pokie Score (68% CI)
confidence intervals for each shift level. -6 0.5002 =+ 0.0003
We demonstrate that Pokie assigns 3 82;;3 i 88882
higher calibration and probability to the 3 0' 5156 © O. 0003
true posterior, validating its ability to de- . .

+6 0.5000 £ 0.0004

tect shifts using a single posterior.

F Model misspecification images

We apply Pokie to the joint inference of lens and source parameters in strong gravitational lensing
to test whether it can detect model misspecification in the lens mass profile or in the number of
background sources.

12



Following [15]], we generate lenses with multiple Sérsic components [21] to model complex background
source morphologies. For our background sources, we define each model to contain either one or
three Sérsic profiles. All lenses are generated using caustics E[26].

We generate 100 synthetic observations using an elliptical power-law (EPL) profile applied to three
Sérsic sources. We define four candidate models that vary in lens type, EPL vs. singular isothermal
ellipsoid (SIE) and source count (one vs. three Sérsic components): EPL + 3 (correct), SIE + 3
(incorrect lens), EPL + 1 (incorrect source count), and SIE + 1 (both incorrect) (see Appendix [I)).
Each models share the same prior distribution over parameters, wee apply the same Gaussian noise
n ~ N(0,12%), and all generated lenses are rendered on a 100 x 100 grid with pixel scale 0.05.

Parameter Distribution

EPL Lens
Einstein radius b U[1.0,1.5]
Axis ratio ¢ U[0.5,0.9]
Orientation angle ¢~ U[0.0, ]
Table 5: Parameter ranges for lens and Power-law slope ~y U[1.75,2.25]
source parameters that are inferred. All SIE L
ens
other parameters are held constant across

models. SIE models implicitly fix 5 = i‘xniss“r’:t‘igaglus b Z é'g’ (1)'3}
2.0 Orientation angle ¢ U[0.0, 7]

Sérsic Source
Source center T U[-0.5,0.5]
Source center f 4[0.05,0.10]
Effective intensity I,  1/[0.4,0.8]

Table [3]lists all parameters inferred during posterior estimation. In setups with three Sérsic sources,
we independently sample the second and third source positions and intensities (g, yo, ), for each
component. We use Metropolis-adjusted Langevin sampling (MALA, [19)) to get our 100 posterior
distributions, each with 20 000 samples in a 13-dimensional parameter space. Specifically, we use
100 walkers, with 200 steps for burn-in and 200 steps for sampling, yielding 20,000 posterior samples
per model. To get each posterior, we use a single AMD Milan CPU core for approximately 8 minutes
(wall-time) per configuration, using up to 10 GB of memory. Across 100 synthetic observations, the
total inference cost was approximately 13.33 CPU-hours.

After sampling, we apply Pokie to evaluate how well the posterior samples match the fiducial
parameters of the observed image and perform model ranking. When running Pokie, all models are
evaluated in the 13-dimensional parameter space. For single-source configurations, the second and
third source positions and intensities (zq, yo, I.) are fixed to zero, ensuring a consistent parameter
structure across models and allowing for fair posterior comparisons. Results are shown in Table 6]
We see that EPL + 3 Sérsic sources obtain the highest Pokie score, which makes intuitive sense as it
follows the correct data generation process. We note that having the correct number of sources is
more important than having the correct lens profile. These results show that Pokie reliably detects
model misspecification.

Table 6: Pokie score with 68% boot- Likelihood Pokie Score (68% CI)
strap confidence intervals. EPL + 3 Sersic Sources 0.6297 + 0.0054
We demonstrate that Pokie identi- SIE + 3 Sersic Sources 0.5777 £ 0.0027
fies the correct lensing model in EPL + 1 Sersic Sources 0.5277 £+ 0.0028
a likelihood misspecification prob- SIE + 1 Sersic Sources 0.5267 £ 0.0031

lem.

Figure [1| shows one example of the clean ground truth image (EPL + 3 Sérsic sources), the cor-
responding noisy observation (¢ = 1), and posterior means from each candidate model: EPL+3,
SIE+3, EPL+1, and SIE+1. Each posterior mean is computed by averaging 100 MALA samples.

“https://github.com/Ciela-Institute/caustics
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Figure 1: Left to right: clean ground truth image (EPL + 3 Sérsic sources), observed data with
Gaussian noise (o = 1), posterior means from four candidate models, and corresponding residuals
(observation minus posterior mean). Only the correctly specified model (top row: EPL + 3 Sérsic
source) produces residuals consistent with Gaussian noise. Other models show structured residuals,
revealing mismatches due to incorrect lens type and/or source count.

ues|y Jol2150d - SA0

The final column shows residuals between the observation and posterior mean. Only the correctly
specified model (EPL+3, top row) produces residuals consistent with Gaussian noise. All others
exhibit structured residuals, revealing mismatches due to incorrect lens profile, source count, or both.

G Lensed galaxy images

In Figure [2} we showcase some ground truths 2* and posterior samples = ~ p;(z | y) for the 4
different posterior sampling configurations explained in

Here, we describe the model and training hyperparameters of the SBM priors, ps(x) and p.(x),
taken from [2] for reproducibility. We also refer the reader to the corresponding work for details
of the training datasets. The models were created using the score—modelsﬂ package, and follow a
NCSN++ architecture [24]. The model hyperparameters, within the score-models package, are:

"beta_min": 0.01,
"beta_max": 20.0,
"channels": 3,

"nf": 64,
"ch_mult": [1, 2, 2, 2],
”Sde": llvpll

3 github.com/Alexandre Adam/score_models


https://github.com/AlexandreAdam/score_models

The SBMs were trained with an Adam optimizer [11], with Ir = 1le—4, batch size of 256, and
ema_decay = 0.999, for approximately 2.5 x 10° optimization steps. All hyperparameters not
specified here were left to the score-models default values. Each SBM was trained on an A100
GPU for 20 hours (wall-time) and with 32Gb of VRAM allocated.

*

y =Ax* +17 x x~po(x|y) x~vpi(x|y) x~p2(x|y) x~p3(x|y)

Figure 2: Plotted in order of left to right is the result of the forward model noised up. The 2nd column
is the ground truth, next is the first posterior model with elliptical galaxy prior and o,, = 2.0, the
next column is the posterior given elliptical galaxy prior and o,, = 2, the 5th column is the posterior
model with a spiral galaxy prior and o,, = 0.5, and lately the last column is the posterior model given
a spiral galaxy prior and o,, = 0.5.

Finally, we use the same SDE solver setup for prior and posterior sampling as [2]], which is a predictor-
corrector solver [24]] with 1024 solver steps. We obtain 16 prior samples to simulate the ground truths
x*, and get 64 posterior samples per observation per configuration. Inference of these 4 112 samples
was carried out in a single A100 GPU for 4 hours (wall-time) and 40Gb of VRAM allocated.

H Generative model hyperparameters

For the conditional distribution experiments in Section [3.3] the diffusion model was implemented
using the score-models package. It utilizes an NCSN++ architecture [24] with a variance exploding
noising process. The key hyperparameters within the score-models package were:

"\sigma_{\min}": 0.1,
"\sigma_{\max}": 10.0,
"channels": 1,

"nf": 64,

"ch_mult": [1, 1],

The model was trained with the Adam optimizer [[L1] (Ir = 1 x 104, batch size 256, ema_decay
= 0.999). All other hyperparameters followed the score-models defaults. Training was performed
on an A100 GPU for ~2 hours (wall time) using 32 GB of VRAM.

The conditional VAE used a convolutional encoder with layer structure (28 x28) — (32x14x14) —
(64 x 7 x 7) — 32, and a symmetric decoder with transposed convolutions. Class conditioning was
introduced through learned label embeddings concatenated to both encoder and decoder inputs. The
model was trained for 500 epochs with batch size 512 using Adam (Ir = 3 x 104, weight decay
10~°) and a cosine annealing learning rate schedule, with KL warmup.
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I Conditional model samples

In Section [3.3] we evaluated conditional generative models on MNIST using Pokie. To complement
the quantitative results in Table |3} we show representative samples generated from the conditional
VAE and the conditional diffusion model.

Figure [3|illustrates samples from the conditional VAE. While the model captures the overall digit
structure, several classes remain poorly learned, producing blurry or distorted digits. In contrast,
Figure [4] shows samples from the conditional diffusion model, which produces consistently sharp
and class-accurate digits across all labels. These qualitative differences mirror the Pokie scores: the
cVAE achieves substantially lower values, while the diffusion model approaches % confirming its
stronger ability to approximate the true conditional distribution.

Conditional VAE Generated Samples

Figure 3: Samples from the conditional VAE where classes like 0, 2, 3, and 9 are distorted, showcasing
the VAE’s inability to learn the conditional distribution.

Conditional Diffusion Model Generated Samples

Figure 4: Samples from the conditional diffusion model where all digits are sharp and accurate,
showcasing the diffusion model’s ability to learn the conditional distribution.

J Evaluating conditional distribution with TARP

We complement the analysis in Section [3.3|by evaluating the calibration of the conditional generative
models using TARP [12]. TARP assesses whether the posterior is well-calibrated by comparing the
empirical coverage of credible intervals to their nominal levels. Well-calibrated models should yield
curves that closely follow the identity line.



Figure 5| presents TARP curves for each digit class in MNIST, computed using 1000 posterior samples
per condition and plotted with 1o confidence intervals. The conditional diffusion model exhibits
excellent calibration, with expected coverage matching the nominal credibility across all classes.
In contrast, the CVAE’s curves deviate substantially from the ideal diagonal, indicating systematic
miscalibration and a failure to accurately capture the true conditional distributions.
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Figure 5: TARP plots for the conditional VAE (top) and conditional diffusion model (bottom). The
shaded regions denote 1o uncertainty bands. While the diffusion model tracks the identity line across
all digits, the CVAE systematically undercovers.

These results align with the Pokie scores reported in Table [3] reinforcing that the diffusion model
more accurately captures the true conditional distribution.

K Bayes Factor comparison

In this appendix, we provide a comparison between Pokie and the Bayes Factor. Unlike the Bayes
factor, which relies on marginal likelihoods, Pokie operates directly in parameter space and does not
require evidence computation. The Pokie score is bounded between % and 2, providing a probabilistic
metric that is both interpretable and computationally efficient, even in high-dimensional parameter
settings.

Despite these advantages, Pokie shares a fundamental limitation with the Bayes factor: equality
of posterior distributions does not imply model equivalence. The two approaches are therefore
complementary. The Bayes factor evaluates models through evidence, whereas Pokie evaluates
agreement between posterior distributions. This distinction is relevant in cases where models yield
similar evidence but differ in their posterior structure, such as when Expectation Maximization is
used to update priors [2, 20], which may increase evidence while producing inaccurate posteriors.

We now compare these Pokie and the Bayes Factor approaches in two settings: the linear regression
experiment from Section [3.1]and the distributional shift experiment from Appendix [E] These compar-
isons evaluate the ability of Pokie and the Bayes Factor to identify well-calibrated posteriors and to
detect models that are poorly calibrated.

K.1 Linear Regression

We compute Bayes Factors for the linear regression setup described in Section [3.1] where models are
perturbed by varying the posterior mean (n = {0.001,0.01,0.1,0.15,0.2,0.25}) while keeping the
covariance fixed. We have 5 000 fiducial samples, and from each model we draw 5000 samples. We
compute Bayes Factors using:

N p(y | Mn)

BF(n) =

ply | M*)
where M,, is the model with noise 1, and M* denotes the model with the least noise (n = 0.001),
which we treat as the ground truth.

As shown in Table [/ both Bayes Factor and Pokie consistently assign higher scores to the models
with less noise, with the ranking degrading smoothly as model misspecification increases. This
demonstrates that both Pokie and Bayes Factor can identify, in this experiment, calibrated and poorly
calibrated models.
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Table 7: Comparison of Pokie and Bayes Factor

scores in linear regression. Noise Level | Pokie Score | BF
Pokie and BF both rank models consistently with %%011 ggg?g gggg
increasing levels of misspecification. Pokie scores 0 I O' 5656 0‘ 306
range from 1/2 (poorly specified model) to 2/3 o '15 0'5573 0'863
(well specified model). Bayes Factors near 1 in- 0 5 0'5525 0'821
dicate models that are nearly as plausible as the . : :
0.25 0.5493 0.782

reference model M*; lower values indicate less
support.

K.2 Gaussian Mixture Model Shifts

We compute Bayes Factor scores for the GMM shift experiment described in Appendix [E| As this
experiment does not involve Bayesian inference, there is no likelihood or prior. Instead, we consider
the GMM probability density function (PDF) as our evidence to compute a Bayes Factor score.
Specifically, we evaluate the probability of 5 000 samples from the true (unshifted) GMM, under each
shifted model’s PDF. This allows us to compute a density ratio between the shifted and unshifted
GMMs, serving as a proxy for the Bayes Factor in this likelihood-free setting:
BF(0) Py | Me)7
ply | M)

where M, is the GMM with shift magnitude ¢, and M* is the true GMM with no shift (¢ = 0).

Table 8: Comparison of Pokie and Bayes
Factor scores across GMM shift magni-

tudes. Shift Magnitude | Pokie Score | Bayes Factor
Pokie reliably favors the in-distribution -6 0.5043 0.000
model and penalizes shifted ones.Pokie -3 0.5865 4.55 x 107145
scores range from 1/2 (poorly spec- 0 0.6661 1.000
ified model) to 2/3 (well specified 3 0.5959 5.45 x 10162
model).Bayes Factors near 1 indicate 6 0.5045 0.000

models that are nearly as plausible as
the reference model M*; lower values
indicate less support.

As shown in Table 8] both Pokie and the Bayes Factor correctly identify the unshifted model (¢ = 0)
as the most accurate and identify increasingly shifted models as less probable. The Pokie score
transitions from the theoretical maximum of 2/3 for the well-calibrated model toward the lower
bound of 1/2 as the shift increases, while the log Bayes Factor becomes increasingly smaller. Here
we note that both Pokie and Bayes Factor are sensitive to the fact that the shifted models are poorly
calibrated.

Across both experiments, we find strong agreement between Pokie and Bayes Factor rankings.
This demonstrates that Pokie can serve as a viable, sample-based metric for model assessment and
comparison, especially valuable in scenarios where likelihood evaluation or evidence computation is
intractable or unavailable. While Bayes Factors operate through the marginal likelihood in data space,
Pokie evaluates posterior alignment directly in parameter space, making it applicable in a broader
range of settings.

L Sensitivity analysis

We conduct a sensitivity analysis of the Pokie score to evaluate how it responds to variations in
key experimental parameters: (i) the dimensionality of the parameter space, (ii) the number of
hyperspheres per fiducial used for estimation, (iii) the number of posterior samples per model, and
(iv) the number of distinct ground-truth posteriors. These experiments characterize the robustness of
Pokie under practical constraints.
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Figure 6: Pokie score sensitivity under varying experimental conditions. Top-left: effect of dimension
on score; Top-right: number of hyperspheres per fiducial; Bottom-left: number of posterior samples.
Across settings, Pokie scores peak for the well-calibrated (/ = 0) model and fall to the poorly
calibrated limit with increasing shift.

To assess sensitivity to posterior characteristics, we use the experiment introduced in Appendix [E]
and vary the following: dimensionality, number of hyperspheres per fiducial, and the number of
posterior samples. Results are summarized in Figure[6]

First, we vary the dimensionality of the problem, evaluating GMMs in 2, 5, 10, and 100 dimensions
while fixing the number of posterior samples to 400 samples and using 100 hyperspheres per fiducial.
We find that Pokie scores remain well-behaved across all tested dimensions: well-calibrated posteriors
score near the theoretical maximum of 2/3, while miscalibrated posteriors approach the lower bound
of 1/2. Next, we fix the problem to 100D and 400 posterior samples and vary the number of
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Figure 7: Pokie score vs noise level for varying counts of true posteriors. As the number of true
posteriors increases, confidence in the Pokie estimate improves, and the distinction between well-
and poorly-calibrated models becomes more pronounced.

hyperspheres per fiducial from 1 to 100. The Pokie score stabilizes rapidly after approximately 10
runs. Finally, we fix the problem to 100D with 100 hyperspheres per fiducial and vary the number
of posterior samples per model between 10 and 500. We see that with only 10 samples, the model
correctly identifies the best and worst models; however, the Pokie scores are shifted upwards due
to the lack of samples. The 1/2 to 2/3 Pokie score bounds are defined in the limit as the number of
posterior samples approaches infinity, so with only 10 samples, these bounds no longer constrain
the score, even if the model rankings remain correct. Inversely, the results indicate that even 100
posterior samples are sufficient to produce consistent scores.

We further investigate how the number of true posterior distributions affects Pokie. Using the linear
regression setup from Section [3.1] we fix the number of posterior samples per model to 5000, and
perform 100 hyperspheres per fiducial. We vary the number of distinct ground-truth draws (6*) from
10 to 1 000, and evaluate Pokie scores at different noise levels. Results are shown in Figure

As the number of true posteriors increases, Pokie becomes sharper and confidence intervals narrow.
Even with relatively few posteriors, Pokie can still correctly assess the quality of the posterior and
rank models, demonstrating robustness to the number of calibration targets.

In addition to sensitivity to data-related factors, we also evaluate the robustness of Pokie to the choice
of the distance metric, the distribution used to sample centers, and the shape of the region.

First, we test Pokie’s sensitivity to the choice of distance metric used to compute distances between
the randomly sampled center, the posterior samples, and the ground-truth parameters. To isolate the
effect of the metric, we replicate the linear regression experiment from Section[3.1] We evaluate Pokie
using five distance metrics: L2 (Euclidean), L1 (Manhattan), Chebyshev, Cosine, and Minkowski
(with p = 3). As shown in Table 0] all metrics successfully identify the least biased model (with
1 = 0.001) as the best-calibrated, and correctly rank the remaining models in order of increasing
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noise. This demonstrates that Pokie is robust to the choice of distance metric, and we recommend
that users select the metric most aligned with the structure of their domain or miscalibration pattern.

Table 9: Pokie Scores (68% CI) by Distance Metric and Noise Level

Noise Level L2 L1 Chebyshev Cosine Minkowski
0.001 0.6640 £ 0.0007 | 0.6636 = 0.0008 | 0.6640 £ 0.0007 | 0.6600 & 0.0011 | 0.6639 + 0.0007
0.010 0.6405 £ 0.0009 | 0.6417 + 0.0007 | 0.6422 £ 0.0007 | 0.6471 &+ 0.0011 | 0.6404 + 0.0009
0.100 0.5660 £ 0.0005 | 0.5764 = 0.0005 | 0.5617 £ 0.0006 | 0.6093 & 0.0012 | 0.5625 =+ 0.0006
0.150 0.5574 £+ 0.0004 | 0.5681 + 0.0004 | 0.5524 £ 0.0005 | 0.5994 4+ 0.0012 | 0.5539 + 0.0004
0.200 0.5528 £ 0.0004 | 0.5624 + 0.0005 | 0.5484 £ 0.0005 | 0.5922 + 0.0011 | 0.5498 £ 0.0005
0.250 0.5497 £ 0.0004 | 0.5580 + 0.0004 | 0.5464 & 0.0004 | 0.5865 + 0.0011 | 0.5474 £ 0.0005

We then test Pokie ’s sensitivity to the choice of distribution used to sample centers from the parameter
space. To isolate this factor, we again replicate the linear regression setup from Section using the
same biased posterior construction. We compare three representative center distributions: the uniform
distribution ¢/[0, 1], the standard normal distribution A/ (0, 1), and the asymmetric Beta distribution
B(2,5).

As shown in Table[I0] Pokie scores remain stable across all three distributions, particularly in low-
noise regimes where all methods report nearly identical values. Under higher noise, the uniform
distribution achieves slightly higher scores, though absolute differences remain modest. These results
indicate that Pokie is robust to the choice of center distribution. We leave it to the user to define a
distance metric that is informative for their use case.

Table 10: Pokie Scores (68% CI) by Center Distribution and Noise Level

Noise Level U10,1] N(0,1) B(2,5)
0.001 0.6637 £ 0.0008 | 0.6636 + 0.0007 | 0.6645 +£ 0.0006
0.010 0.6402 £ 0.0010 | 0.6396 + 0.0009 | 0.6445 £ 0.0007
0.100 0.5660 £ 0.0005 | 0.5532 £+ 0.0005 | 0.5550 =+ 0.0005
0.150 0.5574 £ 0.0004 | 0.5412 + 0.0004 | 0.5389 =+ 0.0005
0.200 0.5528 4+ 0.0004 | 0.5348 + 0.0004 | 0.5294 £ 0.0005
0.250 0.5498 £ 0.0004 | 0.5305 4= 0.0005 | 0.5229 + 0.0004

Lastly we test the sensitivity of Pokie on the choice of region. We test Pokie when using ellipses
of different scales and demonstrate our result in Table|1 1] in which we repeat the experiment from
Section [3.1] We note that the scaling of more complex shapes remains a limiting factor in high
dimensional spaces.

Table 11: Pokie Scores (68% CI) by Ellipse Stretch Configuration and Noise Level

Noise Level (1.0, 2.0) 0.5, 1.5) (1.5, 1.0) (2.0, 0.5) (0.8,1.2)
0.001 0.6653 £ 0.0009 | 0.6681 4 0.0009 | 0.6627 = 0.0007 | 0.6618 £ 0.0009 | 0.6669 + 0.0008
0.010 0.6504 £ 0.0008 | 0.6554 & 0.0009 | 0.6358 +0.0009 | 0.6317 £ 0.0010 | 0.6494 & 0.0008
0.100 0.5795 £ 0.0004 | 0.5805 4 0.0007 | 0.5508 = 0.0006 | 0.5347 £ 0.0006 | 0.5773 % 0.0006
0.150 0.5647 £ 0.0003 | 0.5619 & 0.0007 | 0.5417 £ 0.0005 | 0.5270 £ 0.0004 | 0.5657 & 0.0005
0.200 0.5555 £ 0.0003 | 0.5504 4 0.0005 | 0.5372 £ 0.0005 | 0.5247 £ 0.0004 | 0.5590 % 0.0004
0.250 0.5492 £ 0.0003 | 0.5430 & 0.0005 | 0.5345 + 0.0004 | 0.5239 £ 0.0005 | 0.5543 & 0.0004

Overall, Pokie remains robust given the sensitivity tests. It produces accurate scores with relatively
small sample sizes and maintains consistency across high-dimensional spaces. The number of samples,
whether fiducials or posterior samples, has the largest influence on stability, though even modest
values yield usable estimates. Pokie also remains flexible when selecting the center distribution,
distance metric, or region shape. These properties make Pokie well-suited for practical use in SBI
tasks under practical constraints.
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NeurlIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: Yes, through the Methods section, Proof in the Appendix, and the experiments,
we demonstrate that the claims made in the abstract and introduction accurately reflect the
paper’s contribution and scope.

Guidelines:

* The answer NA means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]

Justification: We discuss our assumptions, the limitations of our metric, and perform a
sensitive analysis to communicate the limits of Pokie.

Guidelines:

* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

* The authors are encouraged to create a separate "Limitations" section in their paper.

* The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

¢ The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

* If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?
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Answer: [Yes]
Justification: Please see the Proofs in AppendixD.1]
Guidelines:

* The answer NA means that the paper does not include theoretical results.

 All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

* All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

* Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

* Theorems and Lemmas that the proof relies upon should be properly referenced.
4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: We provide our code, the details of our experiments, and our model hyperpa-
rameters.

Guidelines:

* The answer NA means that the paper does not include experiments.

* If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.
Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-

sions to provide some reasonable avenue for reproducibility, which may depend on the

nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code
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Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes]
Justification: See link to repository at the end of the abstract.
Guidelines:

* The answer NA means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https !
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

 Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.
6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]

Justification: The training and test details are provided in the appendix for all relevant
experiments.

Guidelines:

* The answer NA means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

* The full details can be provided either with the code, in appendix, or as supplemental
material.
7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [Yes]

Justification: All experiments show the standard deviation of our Pokie score. Furthermore,
the Tarp results also showcase their error as well.

Guidelines:

* The answer NA means that the paper does not include experiments.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).
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8.

10.

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

¢ It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

* It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

» For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

* If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justification: Details about compute resources are provided in the relevant experiments,
and we note that unless otherwise specified, we use the MacBook Air 8§ GB Ram to run
experiments.

Guidelines:

* The answer NA means that the paper does not include experiments.

 The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines]?

Answer: [Yes]
Justification: We adhere to the NeurIPS Code of Ethics.
Guidelines:

¢ The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [NA]

Justification: This paper serves no direct societal impacts. It simply provides a way to assess
the quality of the posterior distribution.

Guidelines:

* The answer NA means that there is no societal impact of the work performed.

* If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

25


https://neurips.cc/public/EthicsGuidelines

11.

12.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

* The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

« If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]
Justification: We do not release data or models.
Guidelines:

* The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

 Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]
Justification: All works are credited, correctly cited, and terms of use are properly respected.
Guidelines:

* The answer NA means that the paper does not use existing assets.

* The authors should cite the original paper that produced the code package or dataset.

 The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

o If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.
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14.

15.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.
New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [Yes]

Justification: Source Code for Pokie is provided, and details of how to use are provided in
the ReadMe, Notebooks, and source code itself.

Guidelines:

» The answer NA means that the paper does not release new assets.

» Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

» At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]
Justification: This paper does not involve crowdsourcing nor research with human subjects.
Guidelines:
* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]
Justification: This paper does not involve crowdsourcing nor research with human subjects.
Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with

human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.
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* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

16. Declaration of LLM usage

Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.

Answer: [NA]

Justification: This paper and the developed metric in this research do not involve LLMs as
any important, original, or non-standard components.

Guidelines:

* The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

* Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.
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