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Abstract

Expected information gain (EIG) is a crucial quantity in Bayesian optimal experi-
mental design (BOED), quantifying how useful an experiment is by the amount
we expect the posterior to differ from the prior. However, evaluating the EIG can
be computationally expensive since it generally requires estimating the posterior
normalizing constant. In this work, we leverage two idiosyncrasies of BOED to
improve efficiency of EIG estimation via sequential Monte Carlo (SMC). First, in
BOED we simulate the data and thus know the true underlying parameters. Second,
we ultimately care about the EIG, not the individual normalizing constants. Often
we observe that the Monte Carlo variance of standard SMC estimators for the nor-
malizing constant of a single dataset are significantly lower than the variance of the
normalizing constants across datasets; the latter thus contributes the majority of the
variance for EIG estimates. This suggests the potential to slightly increase variance
while drastically decreasing computation time by reducing the SMC population
size, which leads us to an EIG-specific SMC estimator that starts with only a single
sample from the posterior and tempers backwards towards the prior. Using this
single-sample estimator, which we call reverse-annealed SMC (RA-SMC), we
show that it is possible to estimate EIG with orders of magnitude fewer likelihood
evaluations in three models: a four-dimensional spring-mass, a six-dimensional
Johnson-Cook model and a four-dimensional source-finding problem.

1 Introduction

Optimal experimental design (OED) is a powerful method for selecting design parameters for
experiments that update model uncertainty using observational data. By quantifying the utility
U of a design d, one can maximize the utility over all the designs as: d* = argmax, U(d). In
Bayesian optimal experimental design (BOED) we are interested in the information gain (IG) from
an experiment for an unknown parameter 6 given the dataset y (Lindley, 1956). This is quantified by
the Kullback-Leibler (KL) divergence from the prior to the posterior (Rainforth et al., 2024):
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*Denotes equal contribution. These authors are listed in alphabetical order.
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As we do not have access to y before an experiment is run, our utility function is the expected
information gain (EIG):

EIG(d) = E, alDic(p(6 | 3.) || p(0) / [ 6.1 dy10g (<| d‘;)ded @

This expectation has no analytical solution outside of the most basic examples, and thus one typically
resorts to Monte Carlo integration. This proceeds by drawing a dataset, estimating the IG, and
repeating this many times to obtain an EIG. However, the IG itself is also generally intractable due
to the presence of the posterior normalizing constant p(y | d), also known as the model evidence or
marginal likelihood. Thus, considerable effort is often placed on estimating p(y | d) or its logarithm
(Ryan, 2003), and not all methods are guaranteed to give accurate results. In low dimensions, the
simple nested Monte Carlo (NMC) is a common choice (Rainforth et al., 2018; Zheng et al., 2018).

Higher dimensions or more informative data require more stable, but expensive, Monte Carlo
estimators. Principal among these is a class of estimators based on sequential Monte Carlo (SMC)
(Del Moral et al., 2006; Chopin et al., 2020). SMC starts with many samples from a known distribution
and evolves those samples through a sequence of intermediate distributions toward the distribution of
interest. Likelihood values computed during this evolutionary process can then be used to compute
the model evidence (Xie et al., 2011). Often, hundreds of millions of costly likelihood evaluations
are required to compute the EIG for a single design, making SMC infeasible for many models.

Our work adapts and extends the bidirectional Monte Carlo approach introduced by Grosse et al.
(2015) for the specific context of BOED by leveraging two unique aspects of the problem. First, we
observe that in BOED we require E[log p(y)], and the variance in log p(y) across different y often
dominates the variance in estimating log p(y) for a single y when using SMC. We find that we can
significantly reduce the number of particles to achieve similar Monte Carlo error but with far less
computational cost. The second observation is that generating y requires drawing 6 ~ p(#) and then
y ~ p(y | 9), resulting in the joint sample (6, y) ~ p(#,y). Instead of discarding 6, we can treat this
joint sample as if we drew y ~ p(y) and 8 ~ p(0 | y), giving us a free posterior sample. Together,
these two facts allow us to modify the framework proposed in Grosse et al. (2015), which starts with
a single posterior sample and draws from a sequence of distributions tempered backwards towards
the prior, and then estimates an upper bound on log p(y) accordingly.

This approach yields reverse-annealed sequential Monte Carlo (RA-SMC), an algorithm that starts
with a single posterior sample and draws from a sequence of distributions tempered backward towards
the prior. Unlike Grosse et al. (2015), which sandwiches the true value of log p(y), RA-SMC directly
provides practical EIG estimates and remains robust to overestimating under poor MCMC mixing.
We demonstrate this estimator on a coupled spring-mass system, Johnson-Cook model of plastic
deformation, and a sequential source location problem—all with multimodal posteriors. Not only do
we show that traditional SMC estimators can be used with an order of magnitude fewer particles, but
also that our reverse estimator provides a further fourfold improvement in computational cost.

2 Related Work

EIG estimation in BOED has been approached with various methods. Nested Monte Carlo (NMC)
uses inner-outer loops (Ryan, 2003; Beck et al., 2018) but scales pooorly and has slow-decaying
bias (Rainforth et al., 2018; Zheng et al., 2018). Variational approaches optimize an approximate
posterior (Dahlke et al., 2023; Foster et al., 2019, 2020); they scale better but can be costly and miss
complex posterior structure (Pacheco & Fisher, 2019). Likelihood-free methods bypass liekelihood
via density-ratio estimation, as in LFIRE (Kleinegesse et al., 2021), or by directly learning the
objective, as in MINEBED (Kleinegesse & Gutmann, 2020). For sequential design, reinforcement
learning can learn a design policy (Huan & Marzouk, 2016; Foster et al., 2021; Ivanova et al., 2021;
Blau et al., 2022).

Asymptotically consistent alternatives include tempering methods like annealed importance sampling
(AIS) (Neal, 1996). Sequential Monte Carlo (SMC) extends this by resampling and rejuvenating
particles along the temperature sequence (Chopin et al., 2020; Del Moral et al., 2006), which has
been used for evidence estimation (Xie et al., 2011) and BOED (Ryan et al., 2016). We note here
that in this work, “sequential” refers to the progression of particles through a sequence of tempered
distributions, as distinct from the temporal sequence in state-space and filtering applications. Our



estimator is a single-particle, zero-resample instance of SMC tempering. Unlike AIS, our particle is
equally weighted at each temperature and rejuvenated via MCMC, making it conceptually closer to
MCMC.

Bidirectional Monte Carlo (BDMC) (Grosse et al., 2015, 2016) runs forward and reverse annealing
to produce stochastic upper and lower bounds on log p(y)a. A reverse pass starts from an exact
posterior sample and a forward pass from the prior, “sandwiching” the marginal likelihood for model
comparison. We adopt BDMC'’s use of a free posterior draw and reverse anneal but omit the forward
pass and bounding machinery.

Our estimator can be regarded as a modification of the BDMC framework for the BOED context.
While BDMC “sandwiches” the marginal likelihood, we repurpose the reverse-annealing pass the
create a practical EIG estimator. Crucially, we use the thermodynamic integral instead of BDMC’s
stepping stone algorithm to mitigate the bias of reverse estimators. Furthermore, while BDMC
requires many particles for tight bounds, our analysis of EIG’s variance structure shows a single
particle provides sufficient accuracy at a fraction of the compuational cost. To our knowledge, this is
a novel application of reverse-annealed SMC to BOED and constitutes a new EIG estimator.

The methods described above present a diverse set of trade-offs between computational cost, scal-
ability, and asymptotic guarantees. This work specifically focuses on improving the efficiency of
tempering-based Monte Carlo estimators, like AIS and SMC, which provide asymptotically-exact
estimates crucial for high-fidelity applications, and we show that the RA-SMC estimator makes this
powerful but expensive class of methods more practical. To that end, we first review the standard
SMC framework, which forms the basis of our proposed approach.

3 Preliminaries: Annealed Sequential Monte Carlo

We briefly review the SMC framework (Chopin et al., 2020) and the SMC-based stepping stone
algorithm (Xie et al., 2011) that is commonly used for computing model evidence p(y). SMC evolves
a population of N particles from a simple initial distribution (e.g., the prior) to the posterior. It
does so by progressing through a sequence of intermediate tempered distributions using importance
resampling and Markov chain Monte Carlo (MCMC) steps. One commonly-chosen sequence of
tempered distributions is the power posterior sequence (Friel & Pettitt, 2008):
t;
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and 0 = t9 < --- < tn = 1is an increasing sequence of temperatures. The lowest temperature ¢
recovers the prior, and at the highest temperature ¢ 5, the posterior. At each level, we can compute:
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where At; = t; 1 — t;. Taking the product up to the N — 1 level yields the marginal likelihood p(y):
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This is known as the stepping-stone algorithm (Xie et al., 2011), and in SMC the number of levels
and their temperatures can be chosen adaptively (Catanach & Beck, 2018). The tempering gradually
guides the samples to areas of high posterior density, and leads to some of the most accurate estimates
of p(y) (Fourment et al., 2020) via the following estimator:
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4 Reverse Annealed Sequential Monte Carlo

4.1 Motivation: Balancing Variances

In BOED we are not interested in solely estimating p(y); we are interested in EIG(d), for which the
individual IG(y) will depend on their own p(y). Hence, for an estimate of the EIG there are two



sources of variance. The first is variance in IG(y) across the datasets y, and the second is variance
from its estimate IG(y) for a given y, which we denote Var(IG(y) | y). If we assume Var(IG(y) | y)
is constant across y and IG is unbiased, we can formalize this through the law of total variance:

Var(IG(y)) = E[Var(IG(y) | y)] + Var(E[IG(y) | y]) = Var(IG(y) | y) + Var(IG(y)) ~ (7)

Our experiments find that SMC can be overly precise in the sense that Var(IG(y) | y) < Var(IG(y)).
Significant cost is spent on achieving excellent information gain estimates for each dataset, but
this precision is unwarranted in light of the overall variance across datasets. As an example, we
demonstrate this on the coupled spring-mass system of Sec. 5.1. For a fixed design, we draw 100
different y using different 6, and for each we compute 30 estimates IG(y) using an SMC algorithm
(Catanach & Beck, 2018) with 250 particles. The results are summarized in Table 1a, where we find
that the variance of IG(y) is two orders of magnitude less than Var(IG(y)) = 22.4.

Dataset ‘ IG(y;) Var(IG(yi) | yi) # Particles ‘ 1G(y1)  Var(IG(y;) | vi)
Y1 20.71 0.059 250 20.210 0.081
Ys1 11.40 0.039 150 20.377 0.133
Yeo 19.24 0.093 50 20.513 0.570
Y11 23.39 0.110 20 20.399 1.384
yio0 | 11.57 0.021 10 24.802 25.123
(a) (b)

Table 1: (a) Selected variances of thirty SMC estimates of 1G (250 particles). The variance of IG across all 100

datasets is 22.4. Full results in Figure 10 (appendix). (b) Comparison of Var(IG(y1) | y1) for different numbers
of SMC particles.

We modulate the variance of the forward SMC estimator by reducing the number of particles.
Shown in Table 1b, we find that reducing particles from 250 to 20 still yields estimators with
an order of magnitude less variance than Var(IG(y)). Only when we get to 10 particles does

Var(IG(y)) ~ Var(IG(y)). These few-particle SMC estimators are no longer useful for estimating
individual IG(y) due to their variance and thus could not be applied in other contexts—their utility is
unique to calculating EIGs.

Single particle estimates We now consider the extreme case of using only a single particle. This
seems ill-advised, however failure is a consequence of poor MCMC mixing, not failure of estimation
using few samples. To show this, we consider whether we can use a single sample from a well-mixed
Markov chain at each temperature. To ensure proper mixing we run forward SMC using 1000
particles, but estimate IG using only a single random particle from each temperature. This results in a
variance of 14.903, which is roughly half Var(IG(y)). This demonstrates that a single particle IG
estimate, from a well-mixed chain, is feasible for experimental design. To obtain such a result we
temper backwards, from the posterior to the prior distribution, which we discuss next.

4.2 Reverse-annealed SMC Algorithm

Now we make use of a second unique feature of BOED: datasets are simulated when computing the
EIG. This means that we have access to the true underlying parameter 6*. Crucially, we can treat each
joint sample (y, 6*) as being generated first by drawing y from its marginal, and then 6* from the
posterior. This gives us one free draw from the posterior, and so we can start SMC sampling from 6*
and consider sampling a sequence of tempered distributions beginning from the posterior and going
to the prior, taking a single sample at each level. This simplifies sampling as we start with a sample
from the most difficult distribution and decrease temperature over time, preventing degeneracy issues
where our samples end up stuck in low likelihood regions.

We call this scheme reverse-annealed SMC (RA-SMC). Since we will be increasing the variance in
our estimates, we use the thermodynamic integral (Gelman & Meng, 1998) to help reduce bias by
directly targeting log p(y):

log p(y) =/0 /Glogp(y | G)W de dt. 8)

A proof of this identity is provided in Appendix A.l.



Algorithm 1 Reverse annealed sequential Monte Carlo

Require: Dataset (6*,y), Temperatures ¢ = {tg,...,tn}
Ensure: Output IG(y)

1: Initialize @ < 0*,i <+ N — 1,1 «+ Array[logp(y | 6*)]

2: while 7 > 0 do

3 0« MCMC(0,p,) { Run MCMC on py, starting at 0}
4 i+ 1—1

5. l.append(logp(y | 0))

6: end while

7: return logp(y | 0*) — Simpson(t,!) { Use Simpson’s rule for thermodynamic integral. }

The temperature sequence provides a discretization of ¢ on [0, 1], and we then use Simpson’s rule
(Young & Gregory, 2012) to approximate the outer integral (Calderhead & Girolami, 2009). At each
tempering level, the particle is advanced via MCMC runs targeting p:, (6 | y), which is then used
in evaluating the thermodynamic integral. By interchanging the order of integration, we can also
view our estimator as first doing numerical integration with Simpson’s rule using a single draw at
each temperature, and then averaging over all the integrals. This enables us to estimate Monte Carlo
standard errors by computing the variance across the integrals. The full RA-SMC estimator is thus
defined as follows.

Definition 4.1. For a fixed y and design d, define
(" (y,d) = logp(y | 0" )

and
logpN,JVI (ya d) = SN (6(()M) (ya d)a ggwf)(y’ d)a v 76%\4) (ya d))

Here, HEM) denotes a sample drawn from an M -step MCMC sampler targeting py, as its stationary
distribution, and Sy is the composite 1/3 Simpson’s rule estimator of the input integral evaluated at
N + 1 temperature levels t; = (i/N), i,= 0,1,..., N. Then the RA-SMC estimator for design d is:

K
— 1 — iid
BIGW) = + > “logp(yx | Ox) —1og Py ar (s, d),  where {(yk, di) ey ~ p(y. )
k=1

We now establish a main property of RA-SMC-it is an asymptotically unbiased estimator of EIG:
Lemma 4.2. Define the RA-SMC estimator as in Definition 4.1. If the MCMC sampler used to draw

each O,EM) defines an ergodic Markov chain with stationary distribution py,, and if E,, [log p(y | 0)] is
four times continuously-differentiable for all t € [0, 1], then the RA-SMC estimator is asymptotically
unbiased.

The proof of Lemma 4.2, which can be found in full in Appendix A.l, relies on the asymptotic
convergence of the composite Simpson’s rule estimator as well as the convergence to the correct
stationary distribution of a valid MCMC sampler.

The thermodynamic integral approach is also valid for forward SMC, but the number of tempering
levels needed for accurate integration tends to be higher than the number of tempering levels needed
for good SMC estimates, and the bias is less of an issue when the estimate of p(y) is precise. The full
algorithm is presented in Algorithm 1, and despite only using a single sample at each iteration, we
will see in Section 5 that its accuracy is comparable to forward SMC with far more particles.

5 Experimental Results

We compare our algorithm to the forward SMC algorithm of Catanach & Beck (2018), which adap-
tively chooses the tempering levels and MCMC iterations based on effective sample size calculations.
Different numbers of particles are also considered to illustrate the discussion in Section 4.1, with a
250 particle run considered the gold standard against which we compare. For our backward estimator,
we use a fixed tempering sequence based on Calderhead & Girolami (2009), with N = 100 levels and
temperatures t; = (i/N)® (see Corollary A.1). For the MCMC kernel we use a simple random walk



Metropolis, where the proposal standard deviation is adapted based on the previous temperature’s
acceptance rate using the feedback controller of Catanach (2017) to target an ideal acceptance rate
of 0.234 (Gelman et al., 1997). Based on an analysis shown in Appendix A.2.1, we fix the number
of tempering levels at 100 and only adjust the number of MCMC iterations per temperature for
simplicity. We implement an early stopping criterion for MCMC at each level once the Spearman
correlation between the starting log likelihoods and the current log likelihoods drops below 0.1. We
also halve the number of steps taken once the proposal standard deviation equals the prior standard
deviation, indicating that the power posterior is diffuse enough such that more iterations are not
critical.

We observe better performance with fewer MCMC iterations across almost all configurations, though
overestimation is now more likely. For tuning, we fix a design and run multiple MCMC iterations,
stopping roughly when our estimates stabilize while accounting for Monte Carlo standard error,
which ended up being 60 iterations. Any initial SMC runs used to determine whether this sampler is
viable as mentioned in Section 4.1 can also be used to inform tuning.

5.1 Coupled spring-mass system

We first explore a coupled spring-mass system depicted
in Fig. 1. Two masses, m1 and ms, are on a surface with ki k2
respective friction coefficients by and by and joined by a I 7, I 75
spring with spring constant ko. The first mass then joined -
to a fixed point by a second spring with spring constant & . I
The springs are assumed to have length O when no forces
are applied to them, and the starting positions and veloc- Figure 1: Coupled spring-mass system. Each
ities of the masses are set to 0. Each of the two masses, of the masses also has an friction coefficient
their friction coefficients, and the two spring constants are b1 and b.

considered unknown parameters, so the posterior is 6D: (my, ma, b1, b2, k1, ko). All parameters have
log-normal priors with mean 0 and SD 1. The experiment imparts a damped oscillating force on the
system representing a vibration, given by:

| T2

—bivr — (k1 + ko)1 + k22 o — —bava + ka(x1 — 22) + f(7,1)
my » 2 ma

/ / /
LL‘I =V, .%'2 = V2, Ul =

where f(7,t) = 5sin(vyt) exp(—t/5) is the forcing function, z; is the position of the ith mass, and
v; is the velocity of the ith mass. We observe a noisy position x; at 100 equally spaced time points.
The noise is Gaussian with mean 0 and SD 0.025, with observed data y = {y1, ..., ¥100} and,

g =T+ e, e o N(0,0.0252), t=1,...,100

where x4 is the position of the first mass at time ¢. Fig. 2 shows three randomly generated datasets.
We consider ten equally spaced designs v between 0 and 2 of the form 0.25,5 = 1,...,10. By

1.01 —— True position x;

”\ N\ Observed value y
I\ I 1A

0.0 W NI At .'\’I\‘A R S\ st ) iacas
I

0.5

Spring position

0 10 20 30 40 500 10 20 30 40 500 10 20 30 40 50
Time (t)

Figure 2: Three examples of observed data y in orange, along with the true signal x in blue for the spring-mass
model. The true signal corresponds to the position of the first mass m between time ¢ = 0 and ¢ = 50, and is
observed over 100 equally-spaced time points.

observing only one mass, we induce multimodality and curvature in the posterior distribution. Fig. 3
shows four dimensions of an example posterior. 1000 datasets are drawn for each method, with
performance measured by the number of likelihood evaluations required and how well the final
EIG values correspond to those of an expensive forward SMC run. Likelihood evaluations are the
dominant cost and are therefore used as a hardware agnostic metric for computational efficiency.



Magnetic reverse-annealed SMC steps To aid MCMC
mixing we use knowledge of the target distribution (the

prior), when tempering backwards, to inform the initial-

ization at each level. The idea is that the next temperature < s

level should place more mass towards the prior. Hence, @
my by

instead of starting 6 at the last position of the previous
level, we nudge the starting point of the MCMC towards
the prior mean. Between levels, we take up to a tenth of
the planned MCMC iterations toward the prior mean using
the proposal standard deviation as the step size, stopping ;. sity estimation using samples from 250-
if the log 11kehh(_)od.at any new step is lesg than a ten.th of particle forward SMC, with the standard nor-
the starting log likelihood. We note that this is an optional ] priors shown in grey. The posterior
enhancement, rather than a core component of the method. demonstrates multimodality and curvature.

Figure 3: Example spring-mass posterior
for four of the parameters based on kernel
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Figure 4: Left: EIG estimates across 10 designs of the spring-mass model, with vertical bars representing two
Monte Carlo standard errors above and below the estimate. Right: Number of likelihood evaluations for each
estimate. The adaptive nature of forward SMC results in a varying number of evaluations per design.

Results A comparison of the EIG curves resulting from

traditional forward SMC estimators with varying numbers of particles to the backward SMC esti-
mator’s EIG curve is shown in Figure 4. By decreasing the number of forward SMC particles by an
order of magnitude to 20, we gain an order of magnitude of efficiency with little loss of performance
compared to the gold standard 250 particle runs.

At 10 particles, significant upward bias and noise oc-

—— sMe curs. Notably, the failure is catastrophic as opposed
NMC . .

—— pCE to gradual; below some threshold, mixing fails and
the estimates are poor, while above that threshold
the estimates are still stable. Our reverse estimator
performs well with another fourfold decrease in likeli-
hood evaluations compared to the 20 particle forward
SMC.

=

o
W
s

Estimated EIG
)

=

o
4
L

02 04 06 08 1.0 12 1.4 1.6 1.8 2.0
Design
Other Monte Carlo Baselines As a baseline, we
Figure 5: Estimated expected information gain also evaluated Nested Monte Carlo (NMC) and Prior
(EIG) for the springmass design problem across  Contrastive Estimation (PCE) on the spring-mass
design values from 0.2 to 2.0. Each curve cor-  prohlem, allocating the same computational budget
responds to a different estimator: Forward SMC, = ¢ e 20-particle forward SMC run. As shown in
Nested Monte Carlo (NMC), and Prior Contrastive Fi 5 both estimators performed poorly. NMC
Estimation (PCE). Error bars indicate estimator 1gure 5, bo SP 1ed p Y-
standard errors, computed across replicates. SMC produced }naccurate e,St,lmates with large Standa,‘rd
estimates use 100 outer samples and 20 particles €TTOT S’.Whlle PCE exhibited a strong flownw.ard bias
per stage; NMC and PCE estimates use 100 outer and failed to locate the optimal design. Since the
samples and 300,000 inner samples. Error bars for data are informative, the resulting posterior is sharply
the SMC and PCE curves are present but too small peaked. The prior-based sampling of these methods
to be visible. is inadequate to explore this region, which leads to
unstable and biased evidence estimation.
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Figure 6: Three examples of observed data y in orange, along with the true signal o in blue for the Johnson-Cook

model. The true signal corresponds to the output stress of a material for strain percentage £ between 0 and 0.5,
observed at 100 equally spaced values.

5.2 Johnson-Cook model

We run a Johnson-Cook model of a stress-strain curve for a hypothetical material under plastic
deformation. The data follows the following model, where the experiment involves observing the
stress at 100 equally spaced strain percentages € from O to 0.5, with varying measurement noise
dependent on whether the material is in the elastic or plastic phase:

Ee+ 6, ifeE < A

v= <A+ B (5 - 2) ) x (14 Clog () x (1 — <£512§§:)’> ) + 6, otherwise,

where 5, 4 N (0,1) and ¢, “N (0,10). We consider the strain rate ¢ and temperature T as
experimental variables. Other parameters are unknown material constants with the following priors:

E ~ N(73000,10000%), A ~ N(350,100%), B ~ N(650,200%),
C ~ Beta(2,10), n ~ Beta(2,5), m ~ Beta(2,5).

Figure 6 shows examples of three randomly generated datasets for ¢ = 0.1 and 7' = 300. For
simplicity, we evaluate five strain rates {0.001,0.005,0.01, 0.05, 0.1} for the same temperature 300,
and then multiple temperatures {300, 400, 500, 600, 700} for the same strain rate 0.1. For the MCMC
kernel, we use a proposal standard deviation equal to the prior standard deviations scaled to target
the 0.234 acceptance rate, though no adaptation of the proposal to the prior is done since the prior is
not multivariate Gaussian. Similarly to the coupled spring-mass model in Section 5.1, we use 1000
datasets with 60 MCMC steps as well as the magnetic SMC steps.

Results Figure 7 displays the EIG curves resulting from forward SMC estimators with different
population sizes compared to the EIG curve generated by the reverse-annealed SMC estimator
with varying MCMC iterations when using both strain rate and temperature as the design variable.
Similarly to the spring-mass model, we see that we can decrease the number of particles to 20 without
significant impact to the EIG curve in both cases. We also find that the reverse-annealed SMC
estimator with 60 MCMC steps achieves good results. Moreover, the computation budget for either
configuration is roughly equivalent to forward SMC with 10 particles, while yielding substantially
more accurate EIG estimates.

Unlike with the spring-mass model, the reverse-annealed SMC estimator with 10 MCMC steps is not
as heavily biased downward, providing a better estimator than the 10-sample forward SMC estimator
and requiring an order of magnitude fewer likelihood evaluations. When using temperature as the
design variable, the EIG curve from the reverse-annealed SMC estimator matches the “true” EIG
curve even better than when using strain rate as the design. Unsurprisingly, we still see a higher
standard error than reverse-annealed SMC with 60 MCMC steps, although the standard error is lower
in the temperature design setting than in the strain-rate design setting.

5.3 Source Finding

Finally, we apply our reverse-annealed SMC estimator to the source-localization problem described in
Foster et al. (2021), in which two hidden sources emit a signal whose intensity decays according to the
inverse-square law. At each step, a sensor placed at a design location &, records a noisy measurement
of the aggregate signal intensity. The objective is to sequentially choose sensor placements {&; }7_;
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Figure 7: EIG and computational cost results for different under two different choices of design variable for
the Johnson-Cook model. Left column: EIG and computational cost for five choices of strain rate at a fixed
temperature 300. Reverse-annealed SMC yields accurate EIG curves with orders of magnitude fewer likelihod
evaluation compared to forward SMC baselines. Right column: EIG and computational cost results for five
choices of temperature at a fixed strain rate 0.1. Here, forward SMC is able to effectively adapt the number of
iterations required at the higher temperatures. Error bars indicate two Monte Carlo standard errors.

to efficiently infer the unknown source coordinates § from the noisy observations {y;}7_;. The
noiseless observation model is:

=b+ ,
Zm+\|ek+£ll2

where b, m > 0 are constants that control background and maximum signal, respectively. We observe
the log intensity, and use the following prior and likelihood models:

0, S N(0,1,), logy|0,&~ N(logu(b,€),0).

Each observation is chosen by selecting: {; = arg max, EIG(¢ | y1.4—1,&1.t—1)- Once & is chosen,
the observer records y;, the posterior is updated to p(6 | y1.¢, £1:¢), and the design-measure-update
cycle is repeated until a terminal time 7" is reached.

In our experiments we choose m = 10~* and b = 10!, matching the values used in Foster
et al. (2021), and we restrict observation locations to a 20 x 20 grid covering the square domain
[—3,3] x [-3, 3]. We perform T = 15 steps of sequential optimization using RA-SMC and forward
SMC with 50 and 100 particles.

Results Figure 8 shows the results of the source-finding problem using reverse-annealed SMC and
forward SMC with 50 and 100 particles. We find that reverse-annealed SMC not only produces tightly
clustered sensor placements around the true sources, but does so with substantially less computation.
Over 15 measurements, reverse-annealed SMC required 8.4 x 109 likelihood evaluations, whereas
forward SMC consumed about 3.7 x 10'° and 4.8 x 10'° evaluations for 50 and 100 particles,
respectively.

Despite this reduction in evaluation cost, reverse-annealed SMC yields better convergence than
50-particle forward SMC and similar performance to 100-particle forward SMC. Figure 9 shows the
KL divergence between the prior and the posterior at each iteration of the sequential design process.
We see that RA-SMC performs similarly to 100-particle forward SMC, while 50-particle forward
SMC gives erratic results.
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Figure 8: Side-by-side comparison of sequential sensor placements for source localization using reverse-annealed
SMC (left), forward SMC with 50 particles (middle) and forward SMC with 100 particles (right). The background
heatmap indicates the log-signal intensity over the domain, and each marker shows a sensor location colored
by its observation order (dark to light). Reverse-annealed SMC and 100-particle SMC rapidly concentrate
measurements near the true source positions, whereas 50-particle forward SMC exhibits a more dispersed
sampling pattern. The likelihood evaluations were 8.4 x 10°, 3.7 x 10'°, and 4.8 x 10'°, respectively.

5.4 Discussion and Limitations

The single-particle, reverse trajectory of RA-SMC has key D (p(8]y) || p(6))
limitations. It complicates adaptive MCMC proposals and

tempering schedules, which often require population statis- 5.51

tics. Poor MCMC mixing when annealing from a peaked 501

posterior toward the flatter prior can yield conservative

IG estimates. Determining its suitability for a problemis S 4]

ce
~—_

. . . . qJ

currently ad hoc, requiring preliminary runs to find effi- g 4.0 \/
ciency gains. A robust diagnostic for this would therefore > 35
be valuable. e~

T ¥ 3.0 ,
On the other hand, because RA-SMC initializes from a — Forward SMC, 50 particles
true posterior sample, it may be less susceptible to the 2.51 Forward SMC, 100 particles
particle degeneracy issues that hinder traditional multi- 201 [~ RASMC, 60 MCMC steps
particle SMC methods in high dimensions. Future research 153456786 0101112131415
could explore developing diagnostics to assess estimator Observation iteration

suitability, incorporating more sophisticated MCMC ker-

nels (e.g., Hamiltonian Monte Carlo (Neal, 2012) or the ~Figure 9: Evolution of the KL divergence
No-U-Turn sampler (Hoffman et al., 2014)), studying the ~©9Ver 15 sequential observations for forward
method’s scalability in high dimensions, devising adaptive SMC With 50 particles (red), forward SMC
strategies using multiple particles to improve both MCMC :V;;taigfsizgmli; é%riﬁlféi)/fcaﬁg gi‘ﬁrsg
mixing and the selection of tempering. l(?\./el.s, .extending RA-SMC convezges as smoothly an% rapil:ﬂy.
the fram@work to 'real—worlq data by 1n1t'1ahzmg the re- ¢ 100-particle forward SMC, while 50-
verse trajectory with approximate posterior draws from particle forward SMC yields more erratic KL
likelihood-free methods, and conducting a more extensive  divergence estimates.

comparison to other estimators for BOED.
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A Appendix

A.1 Proofs and additional theory

Proof of Lemma 4.2.

Proof. By the linearity of expectations,

Ellog py s (4> d)] = S (05 (y, ), 8 (y, d), . .. .47 (y, d))

At | aan g jn Z 0 NZ_Q H(M)
zodd 7 even
At (M) (d d = M)
(M IW I\/[ (M
=5 | B (@) + EFN" (d)] + 4 § IE (d)] + 2 § E[{) (d))

i odd 7 even

For each i, we have

lim E[{")(d)] = E,, [logp(y | 6,d)] == Ut;,y. d),

M—o0
SO

. . At -
MIILHOOE[PN,M(%d)] = ? g(t()vy? >+£ tN7Z/7 +4 Z g ’L7y7 + 2 _Z g(t27y7d)

i odd 7 even
= QN-

When the fourth derivative is bounded, the composite Simpson rule satisfies the remainder bound:

1
’QN _/ g(t7y7d) dt‘ = O(N_4)7
0
SO

Jim Q= / Uty d) di = / By, log ply | 0,d)) dt = logp(y).
Hence,

P (y,d) =Tlogp(y | d).

Finally, observe that

lim  E[EIGy . x(d)] = lim E
N,M,K—o00 ’ K—oco

K
1 . R
7e kzlogp(yk | 0k, d) — N’}\}[IgoopN,M(ykv d)]

= kli)rgo E(yﬂ)wp(y,@) |:10gp(y ‘ 97 d) - NJI\}IIE)OO]E[TBN,M(yvd)]}

= E(y,0)~p(y.0) [logp(y | 0,d) —logp(y | )]
— EIG(d).
Thus, the RA-SMC estimator of EIG(d) is asymptotically unbiased. O

Corollary A.1. Under the same conditions as Lemma 4.2, the RA-SMC estimator is asymptotically
unbiased for geometrically spaced temperature levels t; = (u;)¢, where u; = j/N are uniformly
spaced points in [0, 1] and ¢ > 1 is a constant.

Proof. We use a standard change of variables. The integral for log p(y | d) is transformed:

1 1
/ 0y, dyeus = / U(t,y, d)dt = log p(y | d).
0 \—v_/ 0

=g(u,y,d)
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The estimator for log p(y | d) is then constructed by applying the composite Simpson’s rule Sy (+)

(with uniform step Au = 1/N) to MCMC-based estimates gj( )(y, d) of the transformed integrand
g(u;;y, d). Specifically,

9" = elwy) My, ),
where g;M) (y, d) is the MCMC estimate of £((u;), y, d).

The asymptotic unbiasedness argument then applies directly to this estimation of fol g(u,y,d)du
because of the following two facts. First, the transformed integrand g(u, y, d) is four-times continu-

ously differentiable on [0, 1]. Second, the MCMC estimates § ( )(y, d) are asymptotically unbiased
in expectation for g(u;,y,d) as M — oo: observe that

(M) o e—15(M)
Jim E[g; (y, d)] = lim Efeu® 67 (y, d)]
= E[Cu671£(ti7ya d)]
= Elg(u;,y,d)].

Under these conditions on the transformed problem, the same O(N ~*) convergence for the Simpson’s
rule discretization error (for g(u)) and the vanishing MCMC error ensure the asymptotic unbiasedness
for estimating log p(y | d) with geometrically spaced temperatures. O

Proof of Equation 8.

Proof. Observe that

log p(y) = log(z1(y)) — log(z0(y))

/ T log(z:(y

11 4
/o Zt(@/)%%(y)dt

tp(0) db dt

H
R
@,_.
Sl
Q.q\
i}
—
<
=

—
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—p(y | 0)'p(0) b dt

— — —

logp(y | 0)p(y | 0)'p(9) dO dt

! ply | 6)'p(8)
/0 toxp(y | )20 g,

as desired. O

A.2 Additional Results
A.2.1 Inner-loop variance vs. outer-loop variance

To validate that Var(IG(y) | y) < Var(IG(y)), we draw 100 datasets y;, i = 1,...,100 from the
spring mass observation model in Sec 5.1. For each of these datasets, we repeatedly compute IG(y;)

thirty times using forward SMC with 250 particles. Then, we compute Var(IG(y) | y = v;) across
the thirty replicates of IG(y;) and compare the estimator variance for a given dataset to that dataset’s
value of IG(y). Figure 10 displays this comparison for all 100 datasets. It is clear that the inner-loop

estimator variance Var(IG(y) | y) is much smaller than IG(y).
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Figure 10: A comparison between Var(IG/(y) | y), the estimator variance from computing IG(y) for a single
dataset, and the value of IG(y). We see that Var(/G(y) | y) is on average two orders of magnitude smaller than
IG(y).

A.2.2 Choosing the tempering levels

There is a balance between the number of temperature levels and number of MCMC iterations
because more temperatures means that the difference between subsequent distributions is smaller;
fewer MCMC iterations should then be required to achieve convergence. Assuming the number of
levels is sufficiently large to calculate the thermodynamic integral, it is unclear whether, for example,
100 levels of 100 iterations is generally better than 200 levels of 50 iterations.

Figure 11 demonstrates how the absolute error changes for the model in Section 5.1 as we vary these
parameters when compared to a gold standard forward SMC run, and it appears that there is no
significant difference past a certain threshold.
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Figure 11: Left: Absolute error of EIG computed with the standard reverse-annealed SMC, with downward bias
trend clearly visible when levels or steps are too low. Right: Error of magnetized reverse-annealed SMC. Values
are in comparison to a long 250 particle forward SMC estimate, with Monte Carlo standard errors around 0.3.

A.3 Basic reverse-annealed SMC

We also run a basic version of our estimator with only 10 MCMC iterations for each temperature
and no further adaptivity, shown in Figure 12. As expected, this yields underestimates of the EIG.
However, the resulting EIG curve can still be used for BOED as the bias is sufficiently similar across
designs. The curve is also still relatively smooth due to the lack of degenerate samples increasing the
variance. Even if accurate EIG estimates are required, this could be used to enable a coarse first pass
to narrow the search space of designs.
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Figure 12: Comparison of results using 10 iterations of MCMC per temperature for reverse-annealed SMC on
the spring-mass model. The EIGs are clearly underestimated but still form a usable curve for BOED.

One caveat is that the reverse-annealed SMC has around a 15% higher Monte Carlo standard error,
0.167 vs. 0.145 for forward SMC. This is not surprising since we are increasing Var(IG(y) | y), and
so it is reasonable to say that cost of obtaining EIG estimates with the same precision as forward
SMC in this case would require about 33% more outer-loop samples than were run in our simulations.
However, our main takeaways do not change, as an additional 33% cost is small compared to reduction
in inner-loop likelihood evaluations.
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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: The abstract and introduction accurately state that the paper’s primary con-
tribution is a novel EIG estimation method achieving lower computational cost for similar
performance across a various BOED problems. These claims are substantiated in the paper’s
empirical results from several different BOED problems and are supported by a thorough
methodological discussion.

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: The limitations are discussed in Section 5.4.
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
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Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [Yes]
Justification: The proofs for the theoretical results are found in Appendix A.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.

. 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: The algorithm and estimator are described in full in Section 4, and the experi-
ments, with all relevant parameters and equations, as well as algorithm hyperparameters, are
described in Section 5.

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.
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5. Open access to data and code

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:

Justification: We do not include external code or data in this submission but all data are
synthetic and fully specified in the paper, and our algorithmic procedures are described in
enough detail to reproduce the results.

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: All hyperparameters chosen for experiments are described in Section 5.
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: The primary experimental figures (e.g., Figures 4, 7 and 12) consistently report
error bars. These are explicitly defined in the figure captions as two Monte Carlo standard
errors.

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.
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8.

10.

* 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).

* 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).

o 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: Yes, the results of each experiment include required likelihood evaluations,
which provide a hardware-agnostic metric for evaluating compute cost.

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 confirm that this research was conducted according 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 work is purely foundational research, and we do not identify any specific
positive or negative social impacts beyond those of general advances in machine learning
methodology.
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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.

» 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: The paper poses no such risks.
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: [NA]
Justification: The paper does not use existing assets.
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.
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14.

15.

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

 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.

* 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: [NA]
Justification: This paper does not release new assets.
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 or 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 or research with human subjects.
Guidelines:

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

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.
16. Declaration of LLLM 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 research does not involve or use LLMs in any way.
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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