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Abstract

Efficient equilibrium sampling of molecular conformations remains a core chal-
lenge in computational chemistry and statistical inference. Classical approaches
such as molecular dynamics or Markov chain Monte Carlo inherently lack amorti-
zation; the computational cost of sampling must be paid in-full for each system
of interest. The widespread success of generative models has inspired interest
into overcoming this limitation through learning sampling algorithms. Despite
performing on par with conventional methods when trained on a single system,
learned samplers have so far demonstrated limited ability to transfer across systems.
We demonstrate that deep learning enables the design of scalable and transferable
samplers by introducing PROSE, a 280 million parameter all-atom transferable
normalizing flow trained on a corpus of peptide molecular dynamics trajectories up
to 8 residues in length. PROSE draws zero-shot uncorrelated proposal samples for
arbitrary peptide systems, achieving the previously intractable transferability across
sequence length, whilst retaining the efficient likelihood evaluation of normaliz-
ing flows. Through extensive empirical evaluation we demonstrate the efficacy
of PROSE as a proposal for a variety of sampling algorithms, finding a simple
importance sampling-based finetuning procedure to achieve superior performance
to established methods such as sequential Monte Carlo on unseen tetrapeptides. We
open-source the PROSE codebase, model weights, and training dataset, to further
stimulate research into amortized sampling methods and finetuning objectives.

1 Introduction

Accurately sampling molecular configurations from the Boltzmann distribution is a fundamental
problem in statistical physics with profound implications for understanding biological and chemical
systems. Key applications include protein folding Noé et al. [2009], Lindorff-Larsen et al. [2011],
protein–ligand binding [Buch et al., 2011], and crystal structure prediction [Köhler et al., 2023];
processes that underpin advances in drug discovery and material science.
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Figure 1: PROSE exceeds the quantitative performance of baseline molecular dynamics on unseen peptide
systems. Wasserstein-2 distances on energy and TICA projection to reference molecular dynamics (5 µs), for
a (1 µs) molecular dynamics baseline and PROSE (with SNIS), at a range of energy evaluation (above) and
GPU walltime budgets (below). Each value represents the mean over 30 unseen tetrapeptide systems. PROSE
significantly outperforms the baseline with respect to both energy evaluations and GPU hours on all metrics.
The molecular dynamics baseline is significantly inferior on the T -W2 and TICA-W2 macrostructure metrics,
highlighting long simulation periods were required to traverse the metastable states.

Conventional approaches such as Markov Chain Monte Carlo (MCMC) [Liu, 2001] and, in partic-
ular, Molecular Dynamics (MD) [Leimkuhler and Matthews, 2015] seek to tackle this problem by
proposing a general solution, which, however, has practical limitations due to its Markov nature. To
accurately integrate the corresponding Hamiltonian dynamics, MD has to be simulated with a fine
time-discretization (on the order of femtoseconds), which produces highly correlated samples and
prevents efficient exploration of the modes of the Boltzmann density. Although running multiple
chains from different initializations is possible, every chain has to be simulated for a long time to
ensure proper mixing, which cannot be efficiently parallelized. Finally, the entire simulation has to
be re-started from scratch for a new system, which bottlenecks the speed of ab initio studies.

Deep learning-based samplers, although considered in different settings, abandon the Markov Chain
approach to generating samples and shift the computational burden to a one-time training phase,
enabling fast and inexpensive inference compared to MCMC. In the most challenging scenario,
these methods consider having access only to the unnormalized density function (analogous to MC
methods) [Vargas et al., 2023, Akhound-Sadegh et al., 2024]. Boltzmann Generators (BGs) [Noé
et al., 2019] consider a more practical scenario when, in addition to the unnormalized density, a
dataset of MD trajectories is available, which does not necessarily match the target density. To
eliminate the error introduced by the imperfections of the model and training data, BGs rely on
training likelihood-based models and perform self-normalized importance sampling (SNIS) [Liu,
2001] at inference time. The availability of the training data and inference-time IS have enabled BGs
to generalize across small peptides of the same sequence length [Klein and Noe, 2024], but they still
fall short of generalizing to larger and more diverse systems of interest.

In this work, we introduce PROSE, a large-scale normalizing flow which demonstrates unprecedented
abilities to transfer to previously unseen systems of different amino acids, sizes, and temperatures,
outperforming MD for the same computational budget (see Fig. 1). Our approach is strikingly
simple and scalable, which elucidates the potential of the deep learning-based samplers for sampling
applications. In particular, we achieve this through the following series of contributions:

• We introduce a novel dataset of molecular dynamics trajectories for peptide systems between
2 and 8 residues. The training dataset consists of 21,700 peptide sequences simulated for
200 ns each, with 10,000 sequences for octopeptides alone.

• Building on the recently proposed TarFlow [Zhai et al., 2024], we propose architectural
modifications, which allow for better modeling of peptide systems, system-transferable
conditioning, and generation of peptide sequences of varying length.
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• We study the use of PROSE as a proposal distribution for different Monte Carlo algorithms,
finding the learned proposal to be sufficiently powerful for accurate sampling with standard
SNIS, which does not require tuning of parameters. Furthermore, resampled generations
can be used for efficient finetuning of PROSE on previously unseen systems.

• Finally, we empirically demonstrate that PROSE achieves state-of-the-art performance when
sampling from the equilibrium distribution on previously unseen peptide systems of length
up to 8 residues surpassing the continuous normalizing flow-based transferable Boltzmann
generator [Klein and Noe, 2024] whilst generating proposals 4 · 103 times faster.

• We open source our codebase https://github.com/transferable-samplers/
transferable-samplers, ManyPeptidesMD dataset https://huggingface.co/
datasets/transferable-samplers/many-peptides-md and model weights https:
//huggingface.co/transferable-samplers/model-weights.

2 Background

2.1 Normalizing flows

The fundamental challenge of the probabilistic modeling is the design of the density model that, at the
same time, allows for efficient generation of samples from this density. Normalizing flows [Rezende
and Mohamed, 2015] approach this challenge by defining a diffeomorphism — differentiable in-
vertible function with a differentiable inverse. Namely, given a simple prior density qz(z) and a
parameterized flow (diffeomorphism) f−1

θ (z), one can define the push-forward distribution as the map
of samples from a simple prior distribution z ∼ qz(z) via the learnable flow x = f−1

θ (z) ∼ qθ(x)
with the parameters θ. The density of the push-forward distribution can then be found via the
change-of-variables formula

qθ(x) =

∫
dz qz(z)δ(x− f−1

θ (z)) = qz(fθ(x))

∣∣∣∣∂fθ(x)∂x

∣∣∣∣ , (1)

where |∂fθ(x)/∂x| is the determinant Jacobian of the map fθ. However, for practical applications,
one has to be able to efficiently evaluate fθ(z)−1 in order to generate samples and |∂fθ(x)/∂x| for
evaluating the density via the change-of-variables formula.

Auto-regressive normalizing flows [Kingma et al., 2016, Papamakarios et al., 2017, Zhai et al., 2024]
define a rich family of invertible maps with tractable Jacobian as a sequence of transformations
f−1
θ = f−1

1 ◦ . . . ◦ f−1
τ (◦ denotes the composition), where each transformation zt = f−1

t (zt+1) is
defined as an auto-regression over the dimensions. That is, the i-th coordinate of the output is

zt[i] =

{
zt+1[i] , i = 0 ,

zt+1[i] · exp(αt(zt[: i])) + µt(zt[: i]) , i ∈ [1, d] ,
(2)

where we adopt slicing notation denoting the i-th dimension as z[i] and all the dimensions up to
i-th (exclusive) as z[: i]. Notably, the auto-regressive structure allows for efficient evaluation of the
Jacobian determinant due to its lower-triangular structure and the inverse function zt+1 = ft(zt), i.e.

log

∣∣∣∣∂ft(zt+1)

∂zt+1

∣∣∣∣ = −
d∑

i=1

αt(zt[: i]) , zt+1[i] =

{
zt[i] , i = 0 ,

(zt[i]− µt(zt[: i]))/ exp(αt(zt[: i])) , i ∈ [1, d] .

However, clearly, such transformation always leave the leading dimension zt[0] untouched, hence
they must be interleaved with permutations over the dimensions fθ = πτ ◦ fτ ◦ . . . ◦ π1 ◦ f1, where
πt is the permutation. In practice, Zhai et al. [2024] use simple inversions for all πt across the entire
model.

Normalizing flows are versatile probabilistic models, which allow for different training strategies:
for learning target unnormalized densities, variational inference [Rezende and Mohamed, 2015], for
generative modeling, the maximum likelihood principle [Kingma and Dhariwal, 2018]. Analogously,
one can use the estimated densities at the inference time, which we discuss in the next section.
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2.2 Boltzmann generators

Despite allowing for different kinds of supervision at the training time (target unnormalized densities
or empirical target distributions), the quality of samples generated at the inference-time does not allow
for scientific applications requiring high precision, e.g. free energy estimation. Boltzmann generators
address specifically this challenge by doing self-normalized importance sampling (SNIS) at the
inference time. Namely, to evaluate the expectation of a statistic φ(x) w.r.t. the target Boltzmann
density p(x) one can use the following consistent Monte Carlo estimator

Ep(x)φ(x) ≈
n∑

i=1

wi∑n
j=1 wj

φ(xi) , wi =
p(xi)

qθ(xi)
, xi ∼ qθ(x) , (3)

where qθ(x) is the density of the learned normalizing flow. The SNIS estimator converges, for
n → ∞, to the true value Ep(x)φ(x). Furthermore, Tan et al. [2025] demonstrated that one can
reduce the variance of the SNIS estimator even further by leveraging the scalability of the recently
proposed TarFlow [Zhai et al., 2024] and combining it with the continuous-time Sequential Monte
Carlo [Jarzynski, 1997, Albergo and Vanden-Eijnden, 2025].

Transferable Boltzmann Generators (TBG) [Klein and Noe, 2024] made a first attempt of learning
a sampler that generalizes across different target densities corresponding to molecular systems of
different type. TBG parameterizes the proposal distribution as a continuous normalizing flow (CNF)
[Chen et al., 2018], where the vector field is defined by the equivariant graph neural network [Klein
et al., 2023c]. The crucial part of the method is the peptide-dependent embedding of N atoms

z ∈ RN×(3+d) , z[i, :] = [yi, Ai, Ri, Pi] , (4)

where z[i, :] corresponds to i-th atom in the system with the spatial coordinates yi ∈ R3 and the
conditional information [Ai, Ri, Pi] ∈ Rd: atom type Ai, amino acid residue type Ri, and the
position of the amino acid in the sequence Pi.

Despite successful generalization to previously unseen dipeptides when trained on 200 dipeptides
[Klein et al., 2023b], TBG architecture introduces significant bottlenecks for inference and fine-
tuning. Indeed, the learned CNF requires accurate integration of the vector field and computationally
expensive evaluation of its divergence for evaluating the learned density model. For instance, to
perform importance sampling proportionally to the target Boltzmann density, TBG requires around
4 GPU-days to produce 30k samples for a single dipeptide system. Furthermore, the expensive
evaluation of density makes it infeasible to train or finetune TBG via the reverse KL-divergence or
create a replay buffer of a substantial size.

3 Scalable transferable normalizing flows as Boltzmann generators

3.1 Architecture of PROSE

PROSE builds on the recent TarFlow architecture [Zhai et al., 2024], which parameterizes a sequence
of autoregressive affine transformations via blocks of transformer layers. The expressivity and
favorable scalability of the transformer layers enables TarFlow to effectively model high dimensional
data, whilst the affine autoregressive flow parameterization ensure fast and accurate energy evaluation.
With minimal modifications TarFlow is capable of successfully modeling high-dimensional molecular
data [Tan et al., 2025]. Here we describe our design choices that make transferability possible.

Transferability across system dimensions. We extend TarFlow to support concurrent training on
sequences of arbitrary length. Whilst transformers natively support sequences of arbitrary length,
special consideration is required within a normalizing flow such as TarFlow that is defined for
fixed input and output dimensions. We therefore define appropriate masking to the affine sequence
updates and log-determinant aggregation to prevent padding tokens influencing either computation,
under arbitrary sequence permutations. We additionally replace the fixed-length learnable position
embedding with the more extrapolation-friendly sinusoidal embedding. This design enables PROSE
to efficiently train across a distribution of systems s by maximizing the normalized log-likelihood

max
θ

Es
1

d(s)
Ex∼p(x | s) log qθ(x) (5)
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Figure 2: All-atom block-wise autoregressive normalizing flow based on the TarFlow [Zhai et al., 2024].
Peptide molecules are encoded as the atom types A, residue types R, residue sequence position P , and residue
length L. Atom positions in 3D Cartesian coordinates define the system state. An embedding of the peptide
molecule is applied as conditioning to the coordinates such that PROSE achieves transferability between systems.
Within each block the sequence zt is permuted and passed to a transformer, defining an autoregressive affine
update. In the backbone permutation the backbone [Ni, Cα,i, Ci]

L
i=1 of all residues Ri is updated before any

sidechains, providing additional diversity to the causal attention for global structure modeling.

where d(s) is the size of the system s. This extended architecture allows for parallel processing of
data dimensions, enabling transferability and scalability across lengths.

Adaptive system conditioning. The standard TarFlow employs simple additive conditioning for
class-conditional image generation. Whilst we find this to be sufficient to define a system-transferable
normalizing flow, we follow many large-scale atomistic transformer architectures in applying condi-
tioning through adaptive layer normalization, adaptive scaling, and SwiGLU-based transition blocks
Abramson et al. [2024], Geffner et al. [2024]. The system conditioning features are constructed
from atom types A, residue types R, sequence positions P , and sequence lengths L. Atom and
residue types are both embedded using lookup-table based embedding layers, whilst sinusoidal
embeddings are a more suitable selection for the naturally ordered sequence position and sequence
length. Residue-level information is repeated appropriately to give atom-level embeddings.

Chemistry-aware sequence permutations. In the image setting, TarFlow employ only an identity
and flip permutation to the sequence of image tokens [Zhai et al., 2024]. When applying TarFlow to
peptide systems Tan et al. [2025] similarly employ only an identity and flip permutation on the atom
ordering defined by the PDB formatting, in which the sequence is defined per-residue starting with
backbone atoms followed by sidechain atoms. Whilst a simple identity and flip may be appropriate for
the regular grid of image data, we argue this to be suboptimal for the diversity of pair-wise geometric
interactions present in molecular systems. This motivates our introduction of chemistry-aware peptide
permutation sequences, defined to promote effective molecular modeling. We define the backbone
permutation, such that the backbone atoms [Ni, Cα,i, Ci]

L
i=1 are updated for the full peptide sequence,

before the model returns to update the sidechains. By updating the coordinates of the backbone
atoms first, the model refines the global structure of the peptide as a contiguous sequence. Crucially,
when the sidechain positions are subsequently updated via causal attention, they are able to attend
to the backbone structure, hence enabling local updates to be influenced by global macrostructure.
We further employ a backbone-flip permutation to provide additional permutation diversity to the
autoregressive modeling.

3.2 Inference and fine-tuning of PROSE

Applicability of Boltzmann Generators significantly depends on the inference-time throughput and
their transferability to previously unseen systems. Here, we describe how one can perform inference-
time importance sampling, fine-tuning using the generated samples, and annealing of the proposal to
different target temperatures.

Importance sampling. At the inference time, one can use PROSE to estimate the expectation of
statistics φ(x) w.r.t. the target Boltzmann density p(x) via a Self-Normalized Importance Sampling
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(SNIS) estimator. Namely, we consider standard SNIS, discrete-time annealed importance sampling
(AIS) [Neal, 2001], and continuous-time AIS [Jarzynski, 1997, Albergo and Vanden-Eijnden, 2025].
All these estimators are of the form

Ep(x)φ(x) ≈
n∑

i=1

wi∑n
j=1 wj

φ(xi) , wi =
p(xi)

q(xi)
, xi ∼ q(x) , (6)

where the only difference between them is the proposal density q(x). Note that these estimators
can be interpreted as the expectation over the empirical distribution, i.e.

n∑
i=1

wi∑n
j=1 wj

φ(xi) = Ep̃(x)φ(x) , p̃(x) =

n∑
i=1

wi∑n
j=1 wj

δ(x− xi) . (7)

In practice, we compare p(x) with p̃(x) instead of measuring statistics φ(x). For completeness, we
describe all the considered estimators in Appendix E.

Self-refinement. For a previously unseen system s we demonstrate the ability to fine-tune PROSE
using the Self-Refinement strategy. Namely, we iteratively generate the empirical distribution p̃(x | s)
by resampling the samples from pre-trained model qθ(x | s) proportionally to p(x | s) and using
these samples for fine-tuning PROSE. Note that this is different from fine-tuning because the true
samples from the target are not available. In particular, we update the parameters by maximizing
the likelihood on the resampled proposal, i.e.

max
θ

Ep̃(x | s) log qθ(x | s) , p̃(x | s) =
n∑

i=1

wi∑n
j=1 wj

δ(x− xi) , wi = detach
(
p(xi | s)
qθ(xi | s)

)
. (8)

Temperature transfer. PROSE serves as an efficient proposal for Boltzmann densities with different
temperatures; hence, allowing for transferability across temperatures. In order to do this, we aim
at changing the temperature T = 1/β of the learned density model while generating samples, i.e.

β log qθ(f
−1
θ (z)) = β log qz(z)− β log

∣∣∣∣∂f−1
θ (z)

∂z

∣∣∣∣ . (9)

Note that, for the measure-preserving flows log |∂f−1
θ (z)/∂z| = 0, one simply has to change the

temperature of the prior distribution (i.e. sample z ∼ qz(z)
β instead of z ∼ qz(z)) to change the

temperature of the density model, which is a standard technique in the normalizing flow literature
[Kingma and Dhariwal, 2018, Dibak et al., 2022]. Although this assumption does not usually hold
in practice, we found that scaling the temperature of the prior results in an efficient proposal for
the Boltzmann density with the corresponding temperature.

4 Experiments

To establish the performance of PROSE, we first introduce a new molecular dynamics dataset for
peptides, then test the ability of PROSE to sample from unseen systems of up to 8 residues.

4.1 Molecular dynamics trajectory dataset

Table 1: Number of sequences used per peptide length for training and evaluation.

Sequence length 2 3 4 5 6 7 8

Training 200 1,000 1,500 2,000 3,000 4,000 10,000
Evaluation 30 — 30 — — — 30

We introduce ManyPeptidesMD; a novel dataset of peptide MD trajectories for sequences ranging
from 2 to 8 residues in length1. Following Klein et al. [2023b] all simulation is performed using
OpenMM [Eastman et al., 2017] with the amber-14 forcefield. For training, a total of 21,700 uniformly
sampled sequences are simulated for 200 ns. For evaluation, 30 sequences of each length are randomly
sampled such that all amino acids are represented equally, and simulated for 5 µs. Further details on
dataset collection and MD configuration provided in Appendix A.

1Available at https://huggingface.co/datasets/transferable-samplers/many-peptides-md
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Figure 3: PROSE accurately samples from the Boltzmann distributions of unseen octopepitde system.
Empirical results for sampling from DGVAHALS peptide system, not present in training data. Energy histogram
(left) for reference MD data, PROSE proposal and PROSE reweighted using SNIS, demonstrate fine-grained
detail accuracy. TICA plots for MD (center) and SNIS-reweighted PROSE (right) illustrate mode coverage.

4.2 Scale-transferability of PROSE

We train the first Boltzmann generators transferable across peptide sequence length. We train the
PROSE architecture defined in Section 3.1, an unmodified TarFlow [Zhai et al., 2024] as in SBG
[Tan et al., 2025], and the equivariant continuous normalizing flow of Klein and Noe [2024]. For the
ECNF we use the improved training recipe of Tan et al. [2025], denoted as ECNF++. All models are
trained for 5 × 105 iterations with batch size 512. Both PROSE and TarFlow are suitably scalable
to long sequences and are trained on the full dataset detailed in Section 4.1. However, sampling 8
residue sequences with ECNF++ was found prohibitively expensive, hence the training data was
limited to sequences up to and including length 4. Comprehensive training details are provided in
Appendix B, results for the unweighted proposal distributions are provided in Appendix C.

To establish the performance of PROSE as a sampler proposal distribution, we first evaluate the trained
flows in the Boltzmann generator setting. Here we generate a set of proposal particles {xi}Ni=1,
evaluate model likelihoods qθ(xi) and reweight using SNIS as in Eq. (6). For all flows we permit a
sampling budget of 104 energy evaluations. The primary evaluation metrics are the Wasserstein-2
distance on: (i) the energy distribution E-W2, (ii) the dihedral angle torus distribution T -W2, (iii)
the first 2 TICA component projections TICA-W2. The energy distribution is highly sensitive
to perturbation in bond length and angle, hence E-W2 measures accuracy on fine-grained details.
The dihedral angle tori and TICA projection describe macrostructure, hence T -W2 and TICA-W2

measure accuracy in terms of metastable state coverage. We additionally report effective sample size
(ESS); the variance of the importance weights. For metric definitions and further details on sampling
evaluation procedure please refer to Appendix D.

Table 2: Quantitative results for baseline methods, and flows with self-normalized importance sampling on
peptide systems up to 8 residues. All methods evaluated a budget of 104 energy evaluations. Best values in bold.
*Not evaluated on sequences with N-terminal proline due to absence in training data.

Sequence length → 2AA (30 systems) 4AA (30 systems) 8AA (30 systems)

Model ↓ ESS ↑ E-W2 ↓ T -W2 ↓ ESS ↑ E-W2 ↓ T -W2 ↓ TICA-W2 ↓ ESS ↑ E-W2 ↓ T -W2 ↓ TICA-W2 ↓
TimeWarp* — 4.532 0.842 — 7.237 2.204 0.993 — — —
BioEmu — 45.313 1.208 — 90.079 2.037 1.479 — 193.873 4.638 1.601
UniSim — > 105 1.289 – > 104 2.76 1.733 — > 103 6.156 1.495

ECNF* 0.086 0.894 0.488 — — — — — — — —
ENCF++ 0.025 3.417 0.299 0.008 10.051 1.126 0.590 — — — —
TarFlow 0.131 0.466 0.191 0.044 1.325 0.945 0.524 0.008 11.904 2.748 1.088
PROSE 0.193 0.421 0.194 0.071 0.877 0.758 0.406 0.011 9.508 2.440 0.988

We present metrics for PROSE and baseline methods in Table 2, where ECNF is the model trained
by Klein and Noe [2024]. We also benchmark against pretrained TimeWarp [Klein et al., 2023a],
BioEmu [Lewis et al., 2024], and Unisim [Yu et al., 2025] models; for further information see
Appendix D.4. PROSE achieves the strongest performance on all metrics aside from dipeptide
T -W2 and octopeptide TICA-W2, where it is marginally outperformed by TarFlow, confirming
its efficacy as a proposal for peptide systems of varying sequence length. ECNF++ performs very
poorly on E-W2 on both dipeptides and tetrapeptides, seemingly struggling to concurrently model
systems of varying length. TimeWarp is the strongest non-Boltzmann generator baseline, with both
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BioEmu and UniSim attaining high values of E-W2. However, we note the training data for these
pretrained models does not correspond exactly with our evaluation data and hence they are not directly
comparable. Fig. 1 confirms the success of PROSE with SNIS as an amortized sampler, achieving the
best performance per-energy evaluation and per-hour on the critical TICA-W2 describing metastable
state coverage, out performing both an MD baseline and ECNF++. We additionally present results on
the unseen octopeptide DGVAHALS in Fig. 3, demonstrating the unprecedented scalability of PROSE;
further results are provided in C.

4.3 Architecture ablation study

We proceed to ablate the TarFlow architectural variations applied in PROSE, as described in Sec-
tion 3.1: (i) the adapt + transition blocks in the transformer layers, (ii) the backbone permutations
interleaved into our permutation sequence. To reduce computational cost, we ablate by training on
sequences of only 4 residues and less, all other training details are unchanged from Section 4.2. We
present quantitative results for these modifications in Table 3. We see a significant improvement in
effective samples size on dipeptides, and across all metrics on tetrapeptides. These results confirm
the efficacy of these modifications for atomistic modeling, particularly the backbone permutations
which introduce no additional runtime complexity over the standard TarFlow.

Table 3: Ablation results for PROSE architecture components on peptide systems up to 4 residues. SNIS is
performed with a fixed budget of 2.5× 104 energy evaluations. Improvement over standard TarFlow bolded.

Sequence length → 2AA (10 systems) 4AA 10 systems)

Model ↓ ESS ↑ E-W2 ↓ T -W2 ↓ ESS ↑ E-W2 ↓ T -W2 ↓ TICA-W2 ↓
TarFlow base 0.115 0.287 0.261 0.041 1.272 1.670 0.614

Adapt + Transition 0.147 0.283 0.273 0.053 0.932 1.657 0.625
Backbone permutation 0.146 0.299 0.264 0.056 1.097 1.652 0.541

4.4 Sampling algorithms

Having established the unmatched scalable performance of PROSE in the standard Boltzmann
generator framework, we now consider alternative sampling algorithms made tractable by its efficient
likelihood computation. We evaluate SNIS, SMC in continuous time, SMC in discrete time, and
the simple instantiation of self-refinement defined in Section 3.2. All methods are permitted a
sampling budget of 106 energy evaluation, further details on the method configurations are provided
in Appendix D. Quantitative results are presented in Table 4. These results reveal the surprising
result that, given a suitably strong proposal distribution, SNIS is competitive with both SMC variants,
despite requiring no tuning. The performance of SNIS with self-refinement at further improving
the tetra- and octopeptide E-W2 provides strong evidence in favor of proposal refinement within
sampling methods, as an alternative to resource allocation solely on annealing-based methods. We
provide qualitative results for the unseen RLMM system in Fig. 4, illustrating the improved enhanced
mode coverage of PROSE with SNIS over a MD baseline given an allocation of 106 energy evaluations.
These results provide further confirmation of successful amortized sampling with PROSE.

Table 4: Results for sampling algorithms using PROSE as a proposal on peptide systems up to 4 residues. All
algorithms provided with fixed budget of 106 energy evaluations. Best values bolded. *Not evaluated on
sequences with N-terminal proline due to absence in training data. 8AA TICA-W2 computed using only C-α
positions, hence not directly comparable to results presented in other tables.

Sequence length → 2AA (30 systems) 4AA (30 systems) 8AA (30 systems)

Algorithm ↓ ESS ↑ E-W2 ↓ T -W2 ↓ ESS ↑ E-W2 ↓ T -W2 ↓ TICA-W2 ↓ ESS ↑ E-W2 ↓ T -W2 ↓ TICA-W2 ↓
Timewarp* — 2.551 0.580 — 4.125 1.600 0.813 — — — —

SNIS 0.190 0.271 0.165 0.070 0.665 0.613 0.349 0.011 9.379 2.009 0.382
SMC Continuous — 0.318 0.177 — 0.764 0.688 0.338 — 9.905 2.460 0.385
SMC Discrete — 0.249 0.147 — 0.653 0.721 0.400 — 9.320 2.485 0.431
SNIS + self-refinement 0.189 0.259 0.171 0.070 0.568 0.611 0.344 0.011 8.820 2.071 0.376

Inference-time temperature transfer. We evaluate the scaled prior (SP) technique for inference-
time temperature transfer introduced in Section 3.2. We collect additional 1 µs MD trajectories for
the RLMM unseen tetrapeptide at temperatures defined by geometric series between the base model
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Figure 4: By drawing uncorrelated proposal samples, PROSE achieves greater metastable state coverage
than molecular dynamics for the same number of energy evaluations. TICA projection plots for unseen
tetrapeptide system (RLMM). After 5 ·109 energy evaluations the reference molecular dynamics (left) has traversed
four distinct metastable states, taken to be ground truth. However, with an energy evaluation budget of 106

molecular dynamics explores only a single metastable state (center), highlighting the limitations of simulation-
based sampling methods for mode exploration. PROSE with SNIS (right) samples all 4 states given the same
budget of energy evaluations, indicating successful amortization of the mode exploration problem.
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Figure 5: Scaled prior greatly the ability of PROSE to accurately reweight to arbitrary temperatures.
Metrics for PROSE on RLMM unseen tetrapeptide, targeting the temperatures up to 800K. Naïvely applying
SNIS to the target temperature leads to a rapid degradation in energy distribution, and to a lesser extent the
dihedral angle distribution. Applying prior scaling (PROSE SP) as defined in Section 3.2 leads to a significant
improvement in energy distribution at high temperatures and moderate improvement in dihedral angles. Notably,
the TICA distribution improves at higher temperatures irrespective of scaled prior usage, although scaled prior
remains more effective.

temperature of 310K, and 800K. We then perform SNIS using 2 × 105 energy evaluations from
PROSE, both naively and with the scaled prior inference method. Results are presented in Fig. 5,
with scaled prior universally outperforming naïve SNIS. We emphasize that scaled prior does not
require any finetuning and introduces negligible increase in complexity at inference. These results
thus demonstrate that PROSE is transferable not only in system, but also in temperature, opening a
variety of avenues of further exploration.

5 Related Work

Normalizing Flows and Boltzmann Generators. Normalizing flows [Rezende and Mohamed, 2015,
Dinh et al., 2017, Durkan et al., 2019, Kingma and Dhariwal, 2018, Kolesnikov et al., 2024, Zhai et al.,
2024] fell out of favor as generative models as GANs [Goodfellow et al., 2014] and subsequently
diffusion models Song et al. [2021], Ho et al. [2020] showed better empirical generative quality.
However, they have still found uses in scientific applications where efficient likelihood calculations
are necessary. Boltzmann generators [Noé et al., 2019] leverage normalizing flows (both discrete and
continuous [Chen et al., 2018]) for SNIS given a target density for access to consistent independent
samples. However, their scalability has been limited to relatively small problems with transferability
only demonstrated up to dipeptides prior to this work [Klein and Noe, 2024]. This limitation stems
from the use of continuous normalizing flows and flow matching [Lipman et al., 2023, Albergo et al.,
2023, Liu, 2022], which is prohibitively expensive to sample from with likelihoods due to the need
for divergence calculation Grathwohl et al. [2019]. Schopmans and Friederich [2025] employ a
temperature-annealing sequence of normalizing flows, performing SNIS with each flow to sample
from a given target distribution. Furthermore, other works integrate normalizing flows in classical
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MCMC methods to sample from the target density [Albergo et al., 2019, Arbel et al., 2021, Gabrié
et al., 2021, Matthews et al., 2022, Midgley et al., 2023b, Hagemann et al., 2023].

ML Accelerated sampling. Machine learning methods are a promising direction for accelerated
sampling of molecular conformations. One line of work uses ML to predict longer-time transitions
directly [Schreiner et al., 2023, Fu et al., 2023, Klein et al., 2023b, Jing et al., 2024, Daigavane et al.,
2024, Yu et al., 2025], while another focuses on generative modeling to approximate the Boltzmann
distribution from pre-collected data (Boltzmann emulators) [Wayment-Steele et al., 2024, Lewis
et al., 2025]. However, these generative models often lack the ability to compute exact likelihoods
efficiently, making proper reweighting or free energy difference calculation difficult or impossible.
Another direction seek full generative modeling of the spatiotemporal MD trajectory data [Jing et al.,
2024]. The success of diffusion generative models has attracted significant attention to diffusion-
based sampling objectives, both simulation-based [Berner et al., 2024, Vargas et al., 2023, Richter
et al., 2024, Zhang and Chen, 2022, Vargas et al., 2024] and simulation-free [Akhound-Sadegh et al.,
2024, Huang et al., 2021, De Bortoli et al., 2024]. Notably, Havens et al. [2025] develop a transferable
diffusion-based sampler.

6 Conclusion

We demonstrate that deep learning-based sampling methods can efficiently transfer to previously
unseen systems at the unprecedented biomolecular scale. Furthermore, they outperform conventional
sampling algorithms such as MD when compared for the same computational budget and runtime.
This fact re-evaluates the generalization abilities of learned samplers and establishes new avenues for
their development.

Notably, PROSE demonstrates the state-of-the-art performance whilst keeping the simplicity of many
design choices; thus, leaving a lot of room for improvement. Indeed, the introduced architectural
changes do not restrict the architecture and can be adapted for other domains. Furthermore, the fact
that standard SNIS achieves competitive performance to SMC indicates that the learned proposal is
very close to the target density. Clearly, this can be further improved by applying and carefully tuning
advanced Monte Carlo methods, e.g. SMC. Finally, our self-refinement strategy simply trains on the
samples collected via importance sampling and can be further improved by using more advanced
Monte Carlo methods. In future work, it would be interesting to train PROSE on larger, more diverse,
and more realistic datasets such as the recent OMol25 [Levine et al., 2025] dataset.

Limitations. Whilst conventional Monte Carlo algorithms make no assumption on the target density
function, the transferability of learned samplers including PROSE depends on the assumption that the
system is a member of some structured space of energy functions, most commonly the chemical space
of molecules. The same applies for the transferability across temperatures. Despite demonstrating
surprising abilities to sample from the higher temperatures, we assume that precise transfer to, more
challenging, lower temperatures would require additional conditioning, which PROSE currently lacks.

Acknowledgments

This research is partially supported by the EP- SRC Turing AI World-Leading Research Fellowship
No. EP/X040062/1 and EPSRC AI Hub No. EP/Y028872/1. The authors acknowledge funding from
UNIQUE, CIFAR, NSERC, Intel, and Samsung. The research was enabled in part by computational
resources provided by the Digital Research Alliance of Canada (https://alliancecan.ca), Mila
(https://mila.quebec), and NVIDIA. The authors additionally thank Hugging Face for hosting
the ManyPeptides MD dataset. KN was supported by IVADO and Institut Courtois.

10

https://alliancecan.ca
https://mila.quebec


References
Josh Abramson, Jonas Adler, Jack Dunger, Richard Evans, Tim Green, Alexander Pritzel, Olaf

Ronneberger, Lindsay Willmore, Andrew J. Ballard, Joshua Bambrick, Sebastian W. Bodenstein,
David A. Evans, Chia-Chun Hung, Michael O’Neill, David Reiman, Kathryn Tunyasuvunakool,
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A Dataset

Sequence sampling. Training sequences are collected for all peptide lengths by uniformly sampling
the 20 standard amino acids. For the 8-residue test data, a sequence of length 30 · 8 = 240 is
constructed by concatenating 12 of each amino acid. This sequence is then randomly permuted and
split into peptides of length 8, ensuring that each amino acid is represented uniformly. A smiliar
process is performed for both lengths 2 and 4. In both training and test sets, the N- and C-terminal
residues are protonated to form the zwitterionic state of the peptides. Initial structure files (PDB
format) are generated using AmberTools’ tleap.

Molecular dynamics simulation. Local energy minimization is performed with the Limited-memory
Broyden–Fletcher–Goldfarb–Shanno (L-BGFS) algorithm. Energy minimization is followed by
burn-in simulation of length 50 ps, after which samples are collected every 1 ps (train) or 10 ps (test)
until the simulation budget is exhausted. Full MD simulation parameters are provided in Table 5.

Table 5: OpenMM simulation parameters.

Force field amber-14
Integration time step 1 fs
Friction coefficient 0.3 ps−1

Temperature 310K
Nonbonded method CutoffNonPeriodic
Nonbonded cutoff 2 nm
Integrator LangevinMiddleIntegrator

Table 6: Training and evaluation dataset parameters.

Train Test

Burn-in period 50 ps 50 ps
Sampling interval 1 ps 10 ps
Simulation time 200 ns 5 µs

B Training details

All models are trained for 5 · 105 iterations using a batch size of 512 with the AdamW optimizer
[Loshchilov and Hutter, 2018]. We employ a cosine learning rate schedule in which the initial and
final learning rates are a reduction of the maximal value by factor of 500, as well as exponential
moving average with decay of 0.999. No overfitting was observed hence no early stopping was
required. Samples are normalized using the standard deviation of the longest sequence data in a given
experiment, noting that a single value must be shared across systems of different dimensionality. An
overview of all training configurations is provided in Table 7.

Continuous Normalizing Flows. We use the ECNF++ training recipe defined by Tan et al. [2025];
this entails a learning rate of 5 · 10−4 and weight decay of 1 · 10−4, with default AdamW hyperparam-
eters of AdamW β1, β2 of (0.9, 0.999). In contrast the ECNF of Klein and Noe [2024] was trained
without weight decay or exponential weight averaging. The channel width and layer depth of both
models is defined in Table 8.

TarFlows. Following Zhai et al. [2024] and Tan et al. [2025] we use a learning rate of 1 · 10−4,
weight decay of 4 · 10−4, and AdamW β1, β2 of (0.9, 0.95). Data augmentation is applied as random
rotations and Gaussian center of mass augmentation, in which every the entire system conformation
is translated by a vector c ∼ N (0, σ2I3). The σ2 value is chosen to match that of the prior, which
has a center of mass σ2 = 1

N where N is the number of atoms. Given N is in our case variable for
a single model trained on multiple systems, we use the mean value across training samples. The
architecture width and depth is provided in Table 8.
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Table 7: Overview of training configurations.

ECNF ECNF++ TarFlow / PROSE

Learning Rate 5 · 10−4 5 · 10−4 1 · 10−4

Weight Decay 0.0 1 · 10−2 4 · 10−4

β1, β2 0.9, 0.999 0.9, 0.999 0.9, 0.95
EMA Decay 0.0 0.999 0.999

Table 8: Overview of model scaling parameters. For TarFlow variants depth corresponds to number of parame-
terized transformations, for ECNF variants this is simply the number of graph neural network layers.

ECNF ECNF++ TarFlow PROSE

Channels 128 256 384 384
Depth 9 9 8 8
Layers per block N/A N/A 8 8
Parameters (M) 1 4 115 285

B.1 Computational requirements

All training experiments are run on a heterogeneous cluster of NVIDIA H100 and L40S GPUs using
distributed data parallelism. The training throughput for each model is presented in Table 9.

Table 9: Training throughput for models presented in Table 2. We highlight ECNF++ to be trained only on
sequences up to length 4, whereas TarFlow and PROSE are trained on sequences up to length 8.

ECNF++ TarFlow PROSE

Training iterations / H100 hour 960 1132 260

C Additional results

C.1 Proposal Performance

We compare the performance of ECNF++, TarFlow, and PROSE before and after SNIS (with 104

samples) in Table 10. Evidently, considering proposal performance only ECNF++ demonstrates
strong performance across all metrics. In contrast, TarFlow and PROSE perform poorly on the
E-W2 without reweighting, but achieve comparable proposal results to ECNF++ on the T -W2 and
TICA-W2. Notably, the macrostructure T -W2 and TICA-W2 metrics are in most cases worse after
resampling irrespective of the proposal flow used, a phenomenon we attribute to the small size of
the particle set. Furthermore, the E-W2 of the ECNF++ is inferior after reweighting, suggesting
error accumulation in the divergence integration. Whilst the unweighted ECNF++ proposal achieves
stronger T -W2 and TICA-W2 on dipeptides and tetrapeptides than SNIS-reweighted PROSE, this
must be considered with the higher E-W2, indicating inferior fine-grained detail.

Table 10: Quantitative results for flows comparing the proposal performance and performance after importance
sampling on peptide systems up to 8 residues. SNIS performed with a budget of 104 energy evaluations.

Sequence length → 2AA (30 systems) 4AA (30 systems) 8AA (30 systems)

Model ↓ E-W2 ↓ T -W2 ↓ E-W2 ↓ T -W2 ↓ TICA-W2 ↓ E-W2 ↓ T -W2 ↓ TICA-W2 ↓

ENCF++ Proposal 1.933 0.140 4.954 0.579 0.334 — — —
SNIS 3.417 0.302 10.053 1.128 0.586 — — —

TarFlow Proposal 2.15× 106 0.178 > 109 0.887 0.380 > 109 2.470 1.026
SNIS 0.466 0.191 1.325 0.945 0.524 11.904 2.748 1.087

PROSE
Proposal > 109 0.254 > 109 0.937 0.573 > 109 2.455 1.081
SNIS 0.421 0.194 0.877 0.758 0.406 9.508 2.440 0.988
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C.2 Octopeptide Ramachandran plots
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Figure 6: Ramachandran plots for DGVAHALS unseen octopeptide system. Reference molecular dynamics (left
column), PROSE proposal (center column), PROSE SNIS with 105 samples (right column).
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C.3 Temperature Plots

We present TICA plots in Fig. 7 and energy distributions in Fig. 8 across a range of temperatures
(310K, 393K, 498K, 631K, 800K). At each temperature, we generate 2 · 105 samples by scaling the
prior with the inverse temperature β, sampling from N (0, 1/β). For SNIS, we use the energy at the
corresponding temperature to reweight the samples.
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Figure 7: TICA plots for RLMM for different temperatures. Reference molecular dynamics (top row), PROSE
proposal (middle row), PROSE SNIS (bottom row) with 5 · 104 samples.
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Figure 8: Energy histogram plots for RLMM for different temperatures.

C.4 Scaling

We explore the effect of dataset size on the performance of PROSE. The full ManyPeptidesMD
dataset contains 21,700 sequences simulated for 200ns each. We train a further four models wherein
(i) the trajectories are limited to 50ns and 100ns respectively, and (ii) the set of sequences is reduced
to 25% and 50%. For the 25% and 50% sequence reduction variants sequence reduction is applied
non-linearly to avoid excessively removing the relatively cheap simulations of short sequences.

C.5 Sequence-length Extrapolation

Recall that PROSE is trained exclusively on peptide sequences up to length eight. We explore the
capacity of the model to generalize in sequence length beyond its training distribution by evaluating
on the nine-residue sequence YQNPDGSQA described by Wu and Brooks [2004] and the well-studied
ten-residue peptide Chignolin [Honda et al., 2004].

C.6 JSD Evaluation

To quantitatively assess distributional alignment between generated samples and samples from the
reference MD, we follow Raja et al. [2025] and compute the Jensen–Shannon divergence (JSD) across
both TICA projections and backbone torsion angles. The JSD provides a symmetric and bounded

18



50 ns 100 ns 200 ns
simulation time per sequence

12.98

13.22

13.46

13.70

E- 2

50 ns 100 ns 200 ns
simulation time per sequence

2.27

2.28

2.29

2.30

- 2

50 ns 100 ns 200 ns
simulation time per sequence

1.01

1.03

1.05

1.06

TICA- 2

25% 50% 100%
percentage of sequences

13.37

13.49

13.60

13.71

25% 50% 100%
percentage of sequences

2.27

2.28

2.29

2.30

25% 50% 100%
percentage of sequences

1.01

1.03

1.04

1.06

Figure 9: Wasserstein-distance metrics for PROSE trained on variants of ManyPeptidesMD. Upper row: ManyPep-
tidesMD contains 200ns trajectories for all training sequences, we train on a variant with 50ns and 200ns
respectively. Lower: ManyPeptidesMD contains 21,700 sequences, we train using 25% and 50% of the total.
Evaluation metrics computed using 10 test octopeptide sequences.

Table 11: Comparison of metrics for YQNPDGSQA (9AA) and Chignolin / GYDPETGTWG (10AA).
YQNPDGSQA (9AA) Chignolin (10AA)

ESS E-W2 T -W2 TICA-W2 ESS E-W2 T -W2 TICA-W2

UniSim – > 105 6.00 0.84 – 267.68 6.48 0.20
BioEmu – 160.52 4.52 1.14 – 198.90 5.14 0.65

PROSE Proposal – > 109 3.91 1.65 – > 109 3.63 0.96
PROSE SNIS 0.0049 23.79 3.85 1.94 0.0001 832.59 4.35 1.25
PROSE (self-refine) Proposal – > 109 3.73 1.95 – > 109 3.94 1.13
PROSE (self-refine) SNIS 0.0123 18.85 3.79 1.95 0.0002 275.87 4.43 1.20

measure of dissimilarity between two probability distributions, capturing differences in both mode
coverage and sample diversity. Lower values indicate improved overlap with the reference molecular
distribution. We report JSD scores before and after importance sampling (SNIS), allowing us to
evaluate how well each model aligns with the target Boltzmann distribution following reweighting.

Table 12: Quantitative results for flows comparing the JSD performance on TICA projections and torus angles
before and after importance sampling. SNIS performed with a budget of 104 energy evaluations.

Sequence length → 2AA (30 systems) 4AA (30 systems) 8AA (30 systems)

Model ↓ T -JSD ↓ T -JSD ↓ TICA-JSD ↓ T -JSD ↓ TICA-JSD ↓
TimeWarp — 0.280 0.460 0.415 — —
BioEmu — 0.329 0.245 0.315 0.371 0.403
UniSim — 0.381 0.586 0.376 0.879 0.609

ENCF Proposal 0.007 — — — —
SNIS 0.031 —- — — —

ENCF++ Proposal 0.002 0.004 — — —
SNIS 0.020 0.052 — — —

TarFlow Proposal 0.004 0.017 0.034 0.098 0.104
SNIS 0.004 0.019 0.022 0.124 0.139

PROSE
Proposal 0.005 0.023 0.027 0.091 0.095
SNIS 0.004 0.009 0.011 0.082 0.109

19



C.7 Effective sample per second

We additionally report the effective sample size per second (ESS/s) for PROSE and baseline Boltzmann
generators, evaluated using SNIS with 104 energy evaluations on an NVIDIA L40s GPU.

Table 13: Effective sample size per second (ESS/s)

2AA 4AA 8AA

ECNF 1.59 · 10−2 — —
ECNF++ 4.63 · 10−3 3.17 · 10−4 —
TarFlow 1.45 · 102 1.22 · 101 7.41 · 10−1

PROSE 3.57 · 101 9.87 · 100 6.11 · 10−1

D Evaluation details

D.1 Proposal sampling and likelihood evaluation

Equivariant continuous normalizing flows. Sampling from a continuous normalizing flow (CNF)
involves solving the ODE defined by the parameterized vector field ut : [0, 1]× Rn×3 → Rn×3

dxt
dt

= ut(xt), x0 ∼ p0 (10)

The corresponding likelihoods can be obtained using the instantaneous change of variables formula

log p1(x1) = log p0(x0)−
∫ 1

0

∇ · ut(xt)dt, (11)

where ∇· is the divergence operator. In practice both Eq. (10) and Eq. (11) can be integrated
simultaneously with an ordinary differential equation (ODE) solver. We use the Dormand–Prince-
5 (dopri5) adaptive solver in all ECNF experiments. Given the E(3) equivariance of the ECNF,
samples are generated in both possible global chiralities. Following Klein and Noe [2024] we check
for incorrect global sample chirality and flip samples appropriately to match the L-amino acids
present in the evaluation data. Unlike Klein and Noe [2024] we do not omit any samples with
unresolvable chirality. We additionally apply logit clipping, removing the samples with the 0.2%
highest importance weights before resampling Midgley et al. [2023a].

TarFlow variants. As discussed in Section 2.1, samples are generated from a normalizing flow
simply by applying fθ to prior samples z ∼ N (0, IN×D). Model likelihoods are obtained using the
change of variables formula (Eq. (1)). Given the lack of translation equivariance in the TarFlow, and
the data augmentation applied during training, samples are generated with an approximate scaled χ3

distribution over centroid norm ||c|| = || 1N
∑N

i=1 xi,:|| ∼ σχ3. This leads to adverse behavior when
resampling with finite samples, hence we apply the center of mass adjustment of [Tan et al., 2025], in
which the χ3 probability density function is divided out of the proposal likelihoods

log pcθ(x) = log pθ(x)−
[
log

(∥c∥2
σ3

)
+

∥c∥2
2σ2

− log

(√
2Γ

(
3

2

))]
(12)

where Γ is the gamma function. This adjustment seeks to account for the radial component introduced
by translation non-equivariance. We additionally apply the same weight clipping threshold as in the
ECNF when performing SNIS, or before SMC.

D.2 Metrics

We report both effective sample size and a variety of Wasserstein-2 distances as evaluation metrics.
For the Wasserstein distances a subsample of 104 samples are randomly sampled from the evaluation
trajectory as ground truth. Similarly, at most 104 generated samples are employed; if a method has
generated more samples a random subset is drawn without replacement.
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Effective sample size.

We compute the effective sample size (ESS) using Kish’s formula, normalized by the number of
samples generated

ESS
(
{wi}Ni=1

)
=

(∑N
i=1 wi

)2

N
∑N

i=1 w
2
i

. (13)

Empirical Wasserstein distance. We compare generated samples to ground truth data, collected
as defined in Appendix A, using empirical Wasserstein-2 distances. Given empirical distributions
µ = 1

n

∑n
i=1 δxi and ν = 1

m

∑m
j=1 δyj , the empirical Wasserstein-2 distance is defined as

W2(µ, ν) = min
π∈Π(µ,ν)

√√√√ n∑
i=1

m∑
j=1

πij c(xi, yj)2 (14)

where Π(µ, ν) denotes the set of couplings with marginals µ and ν, and c(x, y)2 is a defined cost
function. Different choices of c(x, y)2 define different measures of dissimilarity. We use the POT
[Flamary et al., 2021] linear optimal transport solver to compute the optimal couplings.

Energy cost. The energy of a sample E(x) is sensitive to both bonded forces and non-bonded forces.
For the energy Wasserstein-2 distance E-W2 the cost function is simply

cE(x, y)
2 = |E(x)− E(y)|2 (15)

Dihedral torus cost. The ϕ and ψ backbone dihedral angles of a peptide conformation encode
essential information regarding secondary and tertiary structure. We compare generated and ground
truth samples in angle space by defining the dihedral angle vector

Dihedrals(x) = (ϕ1, ψ1, ϕ2, ψ2, . . . , ϕL−1, ψL−1) (16)

where L is the number of residues. Given the torus geometry implied by angle periodicity ϕi ∈
(−π, π], a natural cost function is the minimal signed angle difference

cT (x, y)
2 =

2L∑
i=1

[(Dihedrals(x)i −Dihedrals(y)i + π) mod 2π − π]
2
. (17)

This metric captures the geometric dissimilarity in dihedral angle space, respecting periodicity.

Time-lagged independent component analysis cost.

The time-lagged independent component analysis (TICA) projection of time-series data captures
directions along which the data exhibits maximal autocorrelation. Within molecular dynamics, TICA
is commonly used to detect distinct metastable states. Given mean-free time series data x̃t, the
instantaneous (zero-lag) empirical covariance and time-lagged empirical covariance matrix (at lag
time τ ) are computed as

Ĉ00 =
1

T − τ

T−τ∑
t=1

x̃tx̃
⊤
t , Ĉ0τ =

1

T − τ

T−τ∑
t=1

x̃tx̃
⊤
t+τ . (18)

TICA seeks linear projection vectors w ∈ Rn that maximize autocorrelation at lag τ

max
w

w⊤Ĉ0τw

w⊤Ĉ00w
. (19)

The solution to which is obtained by solving the generalized eigenvalue problem
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C0τλ = λC00w, (20)

where the eigenvalue λ measures the autocorrelation of the projected component at lag τ , and the
eigenvector w defines the corresponding slow mode. To define the TICA Wasserstein-2 distance
TICA-W2 we take the full evaluation trajectory without subsampling and solve Eq. (20) to obtain the
first two TICA projection vectors w1, w2. We may then define the following cost function

cTICA(x, y)
2 =

2∑
j=1

[
w⊤

j x− w⊤
j y

]2
(21)

defining similarity in TICA projection space. We emphasize that the TICA projection vectors are only
computed on the (full) evaluation trajectory, but that the samples y are restricted to the 104 sample
subset. In practice we compute the TICA projection for the heavy atom subspace only, and in the
case of the results of Table 4 octopeptides, the Cα positions only.

Jenson-Shannon divergence metrics.

Following Raja et al. [2025], on the reference MD trajectory we run k-means (k = 20) on the first
two time-lagged independent components (TICs) fitted to the pairwise distances and dihedral angles
of the peptide confirmations. Using these clusters, we obtain the occupancy distributions for the
reference MD and the samples generated from PROSE, and report their Jenson-Shannon divergence
(TICA-JSD), defined as

JSD(P,Q) =
1

2
KL(P,M) +

1

2
KL(Q,M), where KL(P,M) =

∑
i

Pi log
Pi

Mi
(22)

where P and Q are discrete distributions, and M = 1
2 (P + Q). Moreover, we repeat the same

procedure using k-means only on the dihedral angles, and report this as T -JSD. In both cases we
fit the k-means clustering on the features (TICA projections or dihedrals) from full reference MD,
but compute the metrics of generated samples against a subsampling of the reference trajectory as
discussed in the beginning of Appendix D.2.

D.3 Sampling algorithm configurations

In this section we define configurations for the sampling algorithms presented in Table 4, as well as
the molecular dynamics baseline used in Fig. 1 and Fig. 4. In particular the allocation of the 106

energy evaluations within the method is defined.

Molecular dynamics baseline. We follow the same procedure used for collecting the main datasets
defined in Appendix A, where the parameters defined in Table 5 are unchanged. We apply a
logarithmically decaying sampling interval with appropriate reweighting to obtain accurate resolution
across many orders of magnitude. The simulation is run for (1 µs) using 109 energy evaluations.

Annealed Importance Sampling. We allocate the budget of 106 energy evaluations by generating a
proposal set of 104 samples, with the remaining budget distributed across the number of annealing
steps. For the discrete variant, we perform 50 annealing steps, requiring two energy evaluations per
step: one to update the samples and one for the Metropolis–Hastings correction. For the continuous
variants, we perform 100 annealing steps. In both cases, resampling is performed at every step.

For the continuous variant, Langevin dynamics is used with a step size σt of 10−7. Details of the
formulation are found in Appendix E.2. For the discrete variant, we apply Langevin dynamics with a
step size of 10−5, followed by a Metropolis-Hastings step to accept or reject proposals.The step size
is adaptively updated to maintain an acceptance rate of approximately 60%, under the assumption of
sufficient smoothness in the intermediate densities. For the evaluation of octopeptides (8AA), σt of
10−8 and 10−6 were used for the continuous-time and discrete-time variants respectively. Further
details of discrete-time AIS are found in Appendix E.3.

Self-refinement. We perform 4 rounds of self-refinement. In each round, we spend a portion of the
budget to generate 2 · 105 samples and reweight using SNIS. The resulting reweighted samples are
then used to finetune the model for 250 gradient steps with a batch size of 256. Notably, the finetuning
does not spend the allocated budget as it does not involve energy evaluations. After the final round, the

22



remaining computational budget is allocated to generate a final set of 2 · 105 samples, which are again
SNIS reweighted to yield the empirical distribution p̃(x|s) for a given system s. We found procedure
improves training stability and mitigates overfitting by introducing an L2 regularization term between
the log-densities of the current model and a “teacher” model initialized from the pre-trained weights.

Density and samples

Training samples

SNISNF

Figure 10: Self-Refinement procedure. A pre-trained PROSE is finetuned at inference-time by iteratively
generating samples, reweighting them using SNIS, and training on the reweighted samples.

D.4 Additional baseline configurations

TimeWarp. The original codebase and model weights of Klein et al. [2023b] were sampled using the
asymptotically unbiased MCMC variant (with Metropolis-Hastings acceptance).

BioEmu. The inference code of Lewis et al. [2024] was employed. BioEmu does not directly
mode all-atom resolution hence hpacker is employed to introduce the side chains before energy
minimization. The codebase of [Lewis et al., 2024] was adapted to use the same amber14 forcefield as
ManyPeptidesMD, on which the 104 energy evaluation budget was spent on per-sample minimization.
We additionally experimented with equilibration to target the larger 106 energy budget but could not
achieve superior results to minimization-only hence this was not included.

UniSim. The UniSim model trained on the PepMD dataset of Yu et al. [2025] was evaluated. UniSim
applies energy minimization following a proposal step; simulation was ran until the 104 energy
budget was expended. Increasing the simulation time to include the larger 106 energy evaluation
budget was not found to improve performance and was omitted.

D.5 Computational requirements

All evaluation experiments are run on a heterogeneous cluster of NVIDIA L40S and RTX8000 GPUs.
ECNF++ sampling is parallelized across multiple nodes with unique seeds to reduce sequential
runtime. All evaluation timings are recorded using NVIDIA L40S GPUs. The sampling time required
for 104 samples for each model is presented in Fig. 11.

Figure 11: Sampling time for 104 samples on NVIDIA L40S GPU for models presented in Table 2.
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E Importance Sampling

E.1 Self-Normalized Importance Sampling (SNIS)

SNIS corresponds to the following estimator

Ep(x)φ(x) ≈
n∑

i=1

wi∑n
j=1 wj

φ(xi) , wi =
p(xi)

q(xi)
, xi ∼ q(x) , (23)

where one uses the learned density model of PROSE qθ(x) as q(x).

E.2 Continuous-time Annealed Importance Sampling (AIS)

Below, we repeat the derivations from [Jarzynski, 1997, Albergo and Vanden-Eijnden, 2025]. Namely,
we consider the continuous family of marginal densities

qt(x) =
1

Zt
exp(−Et(x)) , Zt =

∫
dx exp(−Et(x)) . (24)

The PDE describing the time-evolution of this density is

∂qt(x)

∂t
= qt(x)

[
−∂Et(x)

∂t
+ Eqt(x)

∂Et(x)

∂t

]
(25)

= ±
〈
∇, qt(x)

σ2
t

2
∇ log qt(x)

〉
+ qt(x)

[
−∂Et(x)

∂t
+ Eqt(x)

∂Et(x)

∂t

]
(26)

= −
〈
∇, qt(x)

σ2
t

2
∇ log qt(x)

〉
+
σ2
t

2
∆qt(x) + qt(x)

[
−∂Et(x)

∂t
+ Eqt(x)

∂Et(x)

∂t

]
.

(27)

This is a Feynman-Kac PDE which can be simulated [Del Moral, 2013] as the following SDE on the
extended space of states xt and weights wt

dxt = − σ2
t

2
∇Et(x)dt+ σtdWt , xt=0 ∼ q0(x)

d logwt = − ∂Et(x)

∂t
dt , wt=0 = 1 .

(28)

The expectation of the statistics φ(x) w.r.t. the density qT (x) then can be estimated using SNIS as
follows

EqT (x)φ(x) ≈
n∑

i=1

wi
T∑n

j=1 w
j
T

φ(xiT ) , (29)

where (xiT , w
i
T ) are the solutions of the SDE Eq. (28).

For the inference time of PROSE, we define the continuous family of marginals as

qt(x) ∝ exp
(
(1− t) log qθ(x) + t log p(x)︸ ︷︷ ︸

−Et(x)

)
, t ∈ [0, 1] , (30)

where qθ(x) is the learned density of PROSE. Thus, Eq. (28) becomes

dxt =
σ2
t

2
((1− t)∇ log qθ(x) + t∇ log p(x))dt+ σtdWt , xt=0 ∼ q0(x)

d logwt = (log p(x)− log qθ(x))dt , wt=0 = 1 .

(31)
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E.3 Discrete-time Annealed Importance Sampling (AIS)

Consider a sequence of marginal densities

q0(x) ∝ exp(−E0(x)), . . . , qK(x) ∝ exp(−EK(x)) . (32)

Let’s denote by kt(xt |xt−1) the kernel that satisfies the detailed balance w.r.t. qt(xt), i.e.

qt(xt−1)kt(xt |xt−1) = qt(xt)kt(xt−1 |xt) . (33)

Then, one can write importance sampling estimator for the final marginal as∫
dxK qK(xK)φ(xK) =

∫
dxK−1dxK kK(xK−1 |xK)qK(xK)φ(xK) (34)

=

∫
dxK−1dxK kK(xK |xK−1)qK(xK−1)φ(xK) (35)

= EqK−1(xK−1)kK(xK | xK−1)
qK(xK−1)

qK−1(xK−1)
φ(xK) . (36)

Clearly, we can repeat the trick but now for qK−1(xK−1). Thus, applying this trick recursively to
different marginals, we have∫

dxK qK(xK)φ(xK) = Eq0(x0)Ex1,...,xK

K−1∏
t=0

qt+1(xt)

qt(xt)
φ(xK) , (37)

where x1, . . . , xK ∼ k1(x1 |x0) . . . kK−1(xK−1 |xK−2)kK(xK |xK−1) . (38)

Thus, we have the following SNIS estimator∫
dx qK(x)φ(x) ≈

∑
i

wi
K∑

j w
j
K

φ(xiK) , (39)

where xit ∼ kt(xt |xt−1) , t = 1, . . . ,K , x0 ∼ q0(x0) (40)

logwi
t = −Et(xt−1) + Et−1(xt−1) + logwi

t−1 . (41)

Note that there is a lot of flexibility for the choice of kt(xt |xt−1) because we do not use the densities
of the transition kernel for the weights. In particular, the Metropolis-Hastings algorithm with any
proposal yields a reversible kernel (satisfies the detailed balance), which result in a consistent final
estimator. Furthermore, compared to the continuous-time AIS, discrete-time AIS does not introduce
the time-discretization error.

At the inference step of PROSE, we choose

qt(x) ∝ exp
(
(1− t) log qθ(x) + t log p(x)︸ ︷︷ ︸

−Et(x)

)
, t = 0,

1

K
,
2

K
, . . . , 1 , (42)

and Metropolis-Adjusted Langevin Dynamics as the transition kernel kt(xt |xt−1) [Roberts and
Tweedie, 1996].
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F Additional Architecture Details

Adaptive Layer Norm and Transition. PROSE integrates the adaptive layer normalization and
transition modules from Geffner et al. [2024] into the transformer blocks of the TarFlow architecture
Zhai et al. [2024]. The positions of the latent vector zt are encoded using a sinusoidal positional
encoding, which are added directly to zt. The conditional embedding is used in the adaptive layer
normalization and adaptive scale components. See Fig. 12 for details.
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Figure 12: Adaptive Layer Norm and Transition. The transformer block is modified to incorporate conditional
information using adaptive layer normalization and a transition block. Figure adapted from Geffner et al. [2024].
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NeurIPS Paper Checklist

The checklist is designed to encourage best practices for responsible machine learning research,
addressing issues of reproducibility, transparency, research ethics, and societal impact. Do not remove
the checklist: The papers not including the checklist will be desk rejected. The checklist should
follow the references and follow the (optional) supplemental material. The checklist does NOT count
towards the page limit.

Please read the checklist guidelines carefully for information on how to answer these questions. For
each question in the checklist:

• You should answer [Yes] , [No] , or [NA] .
• [NA] means either that the question is Not Applicable for that particular paper or the

relevant information is Not Available.
• Please provide a short (1–2 sentence) justification right after your answer (even for NA).

The checklist answers are an integral part of your paper submission. They are visible to the
reviewers, area chairs, senior area chairs, and ethics reviewers. You will be asked to also include it
(after eventual revisions) with the final version of your paper, and its final version will be published
with the paper.

The reviewers of your paper will be asked to use the checklist as one of the factors in their evaluation.
While "[Yes] " is generally preferable to "[No] ", it is perfectly acceptable to answer "[No] " provided a
proper justification is given (e.g., "error bars are not reported because it would be too computationally
expensive" or "we were unable to find the license for the dataset we used"). In general, answering
"[No] " or "[NA] " is not grounds for rejection. While the questions are phrased in a binary way, we
acknowledge that the true answer is often more nuanced, so please just use your best judgment and
write a justification to elaborate. All supporting evidence can appear either in the main paper or the
supplemental material, provided in appendix. If you answer [Yes] to a question, in the justification
please point to the section(s) where related material for the question can be found.

IMPORTANT, please:

• Delete this instruction block, but keep the section heading “NeurIPS Paper Checklist",
• Keep the checklist subsection headings, questions/answers and guidelines below.
• Do not modify the questions and only use the provided macros for your answers.

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, the claims are supported in Section 3 and Section 4.
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: Yes, we discuss limitations in Section 6.
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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?

Answer: [NA]

Justification: The paper does not include theoretical results as it is an empirical study.

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 disclose the details in Section 4 and appendix.

Guidelines:

• The answer NA means that the paper does not include experiments.
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• 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
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: We provide open access to data and code in the supplemental material.

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).
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• Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLs 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: Yes, we detail the experimental settings and hyperparameters in Section 4 and
supplemental material.
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: [No]
Justification: No because computing error metrics would be computationally prohibitive.
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).

• 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.

8. 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, details are provided in the supplemental material.
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.
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• 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).

9. 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 follow the 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).

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

Answer: [No]

Justification: This paper presents work whose goal is to advance sampling methods for
sampling from the Boltzmann distribution. There may be potential societal consequences of
our work, but none that we feel must be specifically acknowledged.

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).

11. 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: [No]

31

https://neurips.cc/public/EthicsGuidelines


Justification: This paper presents work whose goal is to advance sampling methods for
sampling from the Boltzmann distribution. There may be potential risks for misuse of our
work, but none that we feel must be specifically safeguarded.
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.

12. 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: Yes, we appropriately cite all creators and original owners of work referenced
in this manuscript.
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.
• 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.

13. New assets
Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?
Answer: [Yes]
Justification: Yes, the work introduces a new dataset. Documentation will be provided with
instructions on downloading and using data.
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.
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14. 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: The 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.

15. 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: The paer does not involve 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.

• 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: The core method development does not involve LLMs.
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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