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Abstract

Sampling efficiently from a target unnormalized probability density remains a core
challenge, with relevance across countless high-impact scientific applications. A
promising approach towards this challenge is the design of amortized samplers that
borrow key ideas, such as probability path design, from state-of-the-art generative
diffusion models. However, all existing diffusion-based samplers remain unable
to draw samples from distributions at the scale of even simple molecular systems.
In this paper, we propose PROGRESSIVE INFERENCE-TIME ANNEALING (PITA)
a novel framework to learn diffusion-based samplers that combines two comple-
mentary interpolation techniques: 1.) Annealing of the Boltzmann distribution and
I1.) Diffusion smoothing. PITA trains a sequence of diffusion models from high
to low temperatures by sequentially training each model at progressively lower
temperatures, leveraging engineered easy access to samples of the temperature-
annealed target density. In the subsequent step, PITA enables simulating the
trained diffusion model to procure training samples at a lower temperature for the
next diffusion model through inference-time annealing using a novel Feynman-Kac
PDE combined with Sequential Monte Carlo. Empirically, PITA enables, for the
first time, equilibrium sampling of N-body particle systems, Alanine Dipeptide,
and Tripeptide in Cartesian coordinates with dramatically fewer energy function
evaluations. Code available at: https://github.com/taraak/pita.

1 Introduction

The problem of sampling from an unnormalized target probability distribution arises in numerous
areas of natural sciences, including computational biology, chemistry, physics, and materials science
(Frenkel and Smit, 2023; Liu, 2001; Ohno et al., 2018; Stoltz et al., 2010; Noé et al., 2019). In many
of these high-impact scientific settings, the problem’s complexity stems from operating in molecular
systems where the unnormalized target (Boltzmann) distribution at a low temperature of interest is
governed by a highly non-convex and non-smooth energy function, under which there is limited to no
available data (Hénin et al., 2022). As a result, the sampling problem necessitates solving an equally
hard exploration problem: finding the modes—in correct proportion—of the target distribution.

To address the general sampling problem, extensive research has been dedicated to Markov chain
Monte Carlo methods (MCMC), Sequential Monte Carlo (SMC), and, particularly in physical
systems, Molecular Dynamics (MD) (Leimkuhler and Matthews, 2015). To enhance scalability,
Monte Carlo approaches often employ an interpolating sequence of probability distributions that
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Figure 1: lllustration of the proposed PITA framework combining two complementary processes: temperature
annealing of the target Boltzmann density and the diffusion process applied to the collected samples. Annealed
inference allows for decreasing the temperature (increasimj a trained diffusion model, thus generating
samples from the annealed target. These samples can be reused for training a lower-temperature diffusion model.

transitions from an easily sampled reference distribution to the desired target distribution via
annealing/tempering strategies. This powerful concept underlies methods such as parallel tempering
(Swendsen and Wang, 1986), Annealed Importance Sampling (Jarzynski, 1997; Neal, 2001), and
SMC samplers (Del Moral et al., 2006). MD, conversely, involves integrating equations of motion
using nely discretized time steps. Despite their effectiveness, both classes of methods possess
inherent limitations that complicate their application to practical systems of interest: annealing
modi es the masses of distribution modes depending on their widths (a phenomenon often referred
to as mass teleportation (Woodard et al., 2009)), while MD requires computationally expensive time
discretization on the order of femtoseconds to simulate millisecond-scale phenomena.

Diffusion-based samplers are an alternative and emergent class of sampling techniques (Zhang
and Chen, 2022; Vargas et al., 2023; Akhound-Sadegh et al., 2024, Berner et al., 2024; Blessing
et al., 2024; Havens et al., 2025) exploiting modern developments in generative modeling. They
sample complex multi-modal distributions by leveraging a prescribed interpolating probability
path. However, instead of relying on annealing, these samplers utilize a noising mechanism which
theoretically enjoys favorable mixing properties compared to annealing (Chen et al., 2023).

Diffusion-based samplers, despite their appeal, have not yet proven effective for even small molecular
systems in Cartesian coordinates. This is primarily because of the absence of training data to
accurately approximate the logarithmic gradients of the marginal densities, i.e. the Stein scores —a
challenge distinct from generative modeling settings. Additionally, standard training objectives, such
as reverse Kullback—Leibler, are mode dropping and often yield too high-variance score estimates
for stable training (Blessing et al., 2024). Crucially, current diffusion-based samplers require too
many energy function evaluations for training. Indeed, when normalized by the number of energy
evaluations, carefully tuned MCMC methods with parallel tempering are empirically competitive
with, if not superior to, state-of-the-art diffusion-based samplers (He et al., 2025).

Main Contributions . In this paper, we introducBROGRESSIVEINFERENCE TIME ANNEALING

(PITA), a novel framework for training diffusion models to sample from Boltzmann distributions.
PITA leverages two complementary interpolation techniques to signi cantly enhance training
scalability: temperature annealing (increasing the system's temperature) and interpolation along
a conventional diffusion model's probability path. This combination is motivated by a learning
framework designed to exploit their distinct advantages: temperature annealing mixes modes by
lowering high-energy barriers, while diffusion paths avoid mass teleportation.



Annealing the target distribution transforms the challenging sampling problem into an easier one by
removing high-energy barriers and attening it. This crucial step enables the cheap collection of an
initial high-temperature dataset via classical MCMC, which in turn facilitates the ef cient training of
an initial diffusion model. Subsequently, we de ne a novel Feynman-Kac PDE that, when combined
with SMC-based resampling, allows us to simulate the trained diffusion model's inference process
to produce asymptotically unbiased samples at a lower temperature. This effectively allows us to
train the next diffusion model, enabling the progressive and stable training of a sequence of diffusion
models until the target distribution is reached, as illustrated in Fig. 1.

We test the empirical performancefTA on standardN -body particle systems and short peptides in
Alanine Dipeptide and tripeptides. EmpiricalBI TA not only achieves state-of-the-art performance

in all these benchmarks but is the rst diffusion-based sampler that scales to our considered peptides
in their native Cartesian coordinates. More importantly, we demonstrate that progressing down our
designed ladder of diffusion models leads to signi cantly lower energy evaluations compared to MD,
which is a step towards realizing the promise of amortized samplers for accelerating equilibrium
sampling.

2 Background

2.1 Diffusion models

A diffusion process de nes an interpolating path between an easy-to-sample reference density, such
as a multi-variate Normal, and a desired target distributipr). When samples from the target
distribution are available, it is possible to generate samples from intermediate marginals of the
diffusion proces® (x) through the following Gaussian convolution:

z
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As a result, this means that samples frpnix) can be generated as = y+ ", where
y (y) and" N (0;1). Selecting speci c schedules for and one can ensure the following
boundary conditions. For=0, =1; =0 andp -o(X)= (x),i.e. the marginal matches the
target distribution. For =1, =0; =1 andp =; (xX) = N (0;1), i.e. the marginal matches
the standard multivariate normal distribution.

Importantly, despite the simplicity of sample generation, the evaluation of dgmgity is not
straightforward, and one has to use deep learning models to approximate either slomyps(x)

or marginal densitiep (x). Furthermore, the model densiy(x) or scoreg logp (x) can be

used to generate new samples frofw) using the reverse-time SDE. In particular, the marginals
introduced in Eq. (1) describe the marginal densities of the forward-time (Ornstein—Uhlenbeck) SDE
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whereW is the standard Wiener process, and marginals follow the Fokker-Planck PDE. After

inverting the time variable in this PDE, i.e= 1 , the time-evolution of marginals (x) is
X ) 2 2
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which shows that one can sample from the margihpi$x)g;» j0.1] via simulating the following SDE
2 p —
dxy = ax+ —5(1+ Or logpe(xy) dt+ ¢ (dW;: 4)

While the marginals are correct for any> 0, there are two important special cases: for 1, the
equation becomes the reverse-SDE with the same path-measure as Eq. (2), and,@pthe SDE
becomes an ODE. In practice, this SDE is simulated using either the density expdelU; (x; )) /
p:(x) (Du et al., 2023) or the score modg(x; ) r logp:(x) (Song et al., 2021).



2.2 Annealing

Annealing de nes a family of “simpler” problems when we have access to the unnormalized density
by interpolating or scaling the target log-density (negative energy). Formally speaking, given the
unnormalized density(x), the annealed density is de ned as
Z

Wiz = ax w; ©)
z
where is the inverse temperature parameter (i.es, 1 =T) controlling the smoothness of the target
density. Thus, for high temperatufe> 1 (hence, < 1), the target density becomes smoother and
easier to explore via MCMC algorithms. Importantly, getting the unnormalized density {a)
can be simply achieved by raising the unnormalized dengity to the power .

(x) =

2.3 Feynman-Kac Formula

The Feynman-Kac Partial Differential Equation (PDE) is a generalization of the Fokker-Planck PDE
and is de ned as follows

2
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where the rst term corresponds to the probability mass transport along the vector (&d the
second term corresponds to the stochastic moves of samples according to the WieneMgrpcess
and the last term is responsible for reweighting the samples according to a coordinate dependent
weighting functiong; (x). For any test-functioh (x), the Feynman-Kac formula relates its expected
value to the expectation over the SDE trajectorxigs.e.
h r i
Ep, (ol (¥)] = %E eo ®9D (1) ; wheredx, = vi(x()dt+ (dWi; X0 Po(X); (7)

andZ+ is a normalization constant independenkofn practice, the exponential term is computed
as a “weight"w; of the corresponding sampe and can be integrated in parallel with the simulation,

dx; = vi(x¢)dt+ (dW;; dlogw; = g(x¢)dt; initialized asxy, po(x); logwe=0: (8)

Finally, one can estimate the normalization consEnby considering (x) 1in Eq. (7) and get
the biased but consistent Self-Normalized Importance Sampling (SNIS) estimator (Liu, 2001), i.e.
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where(x!; Wk ) are the samples from the simulation of the SDE in Eq. (8).

3 Progressive Inference-Time Annealing

In this section, we combine diffusion and annealing processes into an ef cient learning algorithm
for sampling from the target density(x). To design this method, we build on the fact that diffusion
and annealing are complementary ways to simplify or “smoothen” the target distribution (see Fig. 1).
Namely, for the high-temperature version of the target distributiofx), we assume having samples
from i(x) and learn the density model of the marginals de ned by the diffusion process (see
Section 3.2). For instance, this can be done by running MCMC chains that face little challenge mixing
in high temperatures. For the given density model of the diffusion process, we perform annealing
of all the marginals and generate samples from the lower temperature targdix) ; j+1 < |

(see Section 3.1). We detail every step of our method in the following subsections.

3.1 Inference-Time Annealing

In this section, we discuss the inference-time annealing process, which allows us to modify the trained
diffusion model to generate samples from the lower temperature target density. Namely, for a diffusion
process with marginaig (x) and the end-point-; (x) =  (X), we assume having two models:

a score moded; (x; ) r logpi(x) and an energy-based mod&l(x; ) logp:(x) + const



with parameters and respectively. Given the score and the energy models trained to sample from
a higher temperature density' (x), we de ne a new sequence of marginals that correspond to the
Boltzmann density of the energy model but with a lower temperature

G(x) [ exp( i+1= iU(x; )5 G=1 (X) 7 exp( Ui=n (3 ) ™70 () ) 7 (10)

The following proposition derives the Feynman-Kac PDE that describes the time-evolution of the
marginalsgy (x) and allows for importance sampling via the Feynman-Kac formula.

Proposition 1. [Inference-time Annealinghnnealed density of the energy-based maded) /
exp( U(x; )) matches the marginal densities of the following SDE

2 p_
dx; = aXy + ?t(st(xt) tf Ug(Xe; ) dt+ ¢ dWi; X0 G=0 (X) (11)
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wheres; (x) is any vector eld,a;; ¢; t are analogous to parameters from Hg), and the
sample weightss; correspond to the SNIS estimator of the Feynman-Kac formula i(%q.

dlogw;

See Appendix A.1 for the proof. Intuitively, this result de nes an importance sampling scheme,
where Eqg. (11) generates samples from the proposal distribution and Eq. (12) integrates the density
ratio between the sampled proposal and the target deméky. Different choices of the vector eld

st(x) and the noise schedulgyield different proposal distributions. Theoretically, one can choose
different parametera;; ; as well, but below we argue for setting them according to Eq. (2).

The dynamics in Proposition 1 are not unique, and there exists a continuous family of PDEs that
follow the marginalsy (x) / exp( U(x; )). We motivate this dynamics as minimizing the
variance of the weights for the case when there is no annealirdl(). Indeed, if the trained EBMs

and score models approximate the diffusion process perfectly, then=dr, the weights become
constant, so SNIS equally weights all the samples; thus, eliminating the need to resample at all. We
formalize this result in the following proposition (see Appendix A.1 for the proof).

Proposition 2. [Convergence to DiffusionFor = 1 and perfect models;(x) =
r Ui(x; )= r logp:(x), the variance of the weights in Proposition 1 becomes zero.

In the case of unbounded support of the target distribution, sugp( (x)) = RY, increasing

the temperature might cause numerical instabilities. Indeéx) = / Uniform (RY) is not
normalizable. To avoid this potential issue, in Appendix A.2, we consider geometric averaging
between some simple prior and the target densitiesNe(@; 1) ) (x) .

Integrating the dynamics from Propositions 1 and 3 we generate a set of weighted samples
f(xK, ;wk;)gk., that converge to the samples frogy; (X) whenK ! 1 . In practice,

this density is de ned as the Boltzmann distribution of the corresponding energy model, i.e.
G=1 (X) I exp( i+1=i U=1(X; )), which approximates 't (x), but does not necessarily
match it exactly. We discuss several possible ways to bridge this gap between the density model
and the target density in Appendix B.

3.2 Training using PITA

The proposed algorithm consists of interleaving the inference-time annealing (described in the

previous two subsections) and model training on the newly generated data from the annealed target

distribution, which we describe here. Throughout this stage we assume availability of samples from
i+ which were previously generated at the sampling stage

For the target distribution 1 (x), we de ne the diffusion process with the marging{$x) obtained
as a convolution of the samples from the tanget i+ (x) with the Gaussial ( x; 21). To

2For the very rst iteration of our algorithm, we assume that there exist suttat samples from can be
simply collected by conventional Monte Carlo algorithms.



Algorithm 1 Training for single temperaturke= 4,

Require: samplex from i+ .
for training iterationsio
addnoisex; N (X¢j 1 tX 2 1)
Denoising Score Matchirfg) = r Etpy ix (HOkx  Di(x¢; )k2

Target Score Matchir(@) = r  Eux,x  £r x10g (X)+ x  D¢(X¢; )

i
I(t tthresf)
EBM Dlstlllatlon( ): r Et;x,;x (t) tz(r Xt Ut(Xt; ))+ Xt Dt(Xt; ) 2
Energy Pinning )= r Exk( U=1 (X; )) i+1 log (x)k2
FirstOrderOptimizer ( ; Score Matching ); Target Scorg ))
FirstOrderOptimizer ( ; Energy Matching ); Energy Pinning ))

end for
return trained parameters ;

2

learn the score functiosi(x; ) r logp:(x), we follow the standard practice and parameterize
the denoising moddD(x¢; ) = 2st(Xt; )+ X, which we learn via the denoising score matching
(DSM) objective (Ho et al., 2020), i.e.

Denoising Score Matchiffg) = Eiy,x (Hkx Di(x¢; )K*; (13)

where the expectation is taken w.r.t. samples from the annealed target * (x), noised
samplesx; N (X¢j 1 ¢X; 2 ), andtime parameter sampled wittlg(1 t) N (Pmean ;Pstd)
largely following Karras et al. (2022).

However, the DSM objective is not suf cient for training a good score model close to the target

distribution ( =1 t = 0) due to the high variance of the estimator. Indeed, ferl t =0,

it has no information about the target distribution. Target Score Matching (De Bortoli et al., 2024)
overcomes this issue by explicitly incorporating the score of the target unnormalized density into
the objective, which is as follows h i

Target Score Matchin@) = Eix, x tzr xlog (X)+ x  D¢(X¢; ) 2 I(t  tihresH (14)

where the expectation is taken w.r.t. the same random variables as in Eq. (13), but the time variable
is restricted to the intervdilinresy; 1] because the variance of the objective estimator grows with the
noise scale (De Bortoli et al., 2024). Notably, for larger noise scales, the Denoising Score Matching
objective results in a stable training dynamics; thus, these objectives complement each other and
result in a stable training dynamics across the entire time interval.

To train the energy modé); (x; ), which plays the central role in the inference-time annealing (see
Section 3.1), we follow Thornton et al. (2025) and distill the learned score model to the parametric
energy model via the following regression loss (w.nt.i.e.

EBM Distillation( ) = Eix,x (t) tz( rox, Ut(Xe; )+ Xt Di(Xt; ) 2 ; (15)
where, the expectation is taken w.r.t. the same random variables as in Eq. (13). Note that, in contrast
to the denoising score matching loss in Eq. (13), the “target” in Eq. (15) does not depzna/bich

means that its variance for the samds zero, stabilizing the training of the energy based model
Ut (X; ).

Finally, to use all the supervision signal available in the problem, we use the target unnormalized
density (x) '+t as the regression target for the end-point energy-based ripdelx; ), and
introduce the following loss

Energy Pinning )= E .., (X)k( U= (X5 )) i+1 log (x)k2: (16)

Notably, this loss allows for xing the gauge present due to the shift invariance of the energy-based
model ¢ x(Ui(x; )) = r x(Ui(x; )+ cons)). In practice, we observe that this loss signi cantly
stabilizes the training and improves the nal performance. We present the pseudo-code for the
training loop in Algorithm 1, where we simultaneously optimize all the introduced loss functions to
train a diffusion model at temperatute ., . In practice, we nd that sequential training of models
demonstrates the best performance. Furthermore, we initialize the model for the next temperature
1= ;41 with the parameters of the trained model for the temperdtare.



4 Related work

Diffusion-based Sampling A variety of amortized samplers that use properties of diffusion models
have recently been proposed in the literature. Simulation-based approaches that also exploit the fast
mode-mixing of diffusion models include Berner et al. (2024); Vargas et al. (2023); Zhang and Chen
(2022); Richter et al. (2024); Vargas et al. (2024), which exploit diffusion processes for fast mode
mixing. Conversely, simulation-free methods like iDEM (Akhound-Sadegh et al., 2024), SB with
Follmer drift (Huang et al., 2025), and TSM (De Bortoli et al., 2024) offer more scalable approaches
to learning the score but suffer from inef cient and high variance score estimates far from the data.
Finally, new diffusion bridges have also risen to prominence with underdamped dynamics (Blessing
et al., 2024), known modes (Noble et al., 2025), and bridges with SMC (Chen et al., 2025).

Inference-time Resampling The inference-time annealing scheme proposed in Proposition 1
connects several recently proposed methods. Namely; for0, it closely matches the importance
sampling of the continuous normalizing ows proposed in (Kohler et al., 2020). Indeed, Eq. (11)
becomes a probability ow ODE, and Eg. (12) becomes an integration of the log-density-ratio, where
the target density can be de ned either as a linear interpolation of log-densities or only in the nal
point as the target density. Furthermore, Proposition 1 is an application of the Feynman-Kac formula
to annealing and non-equilibrium dynamics simultaneously. Indeed, forl, this proposition
becomes the result proposed in Vaikuntanathan and Jarzynski (2008); Albergo and Vanden-Eijnden
(2025); whereas, fag; (x) = r Ui(x; ) = r logp:(x), this proposition becomes the result from
(Skreta et al., 2025). In practice, however, these equalities are not satis ed because we use learned
models for the vector elds;(x) = si(x; ) and the energy-based mod#l(x; ). In concurrent

work, Rissanen et al. (2025) also propose an annealed sampling scheme using diffusion models. They
use a different inference-time annealing procedure which restricts importance re-sampling to the nal
timestep, whereas in this work, we bene t frannealedmportance sampling over diffusion time.

Boltzmann Generators Noé et al. (2019) proposed training a probabilistic model and resampling
the generated samples according to the target Boltzmann density via importance sampling. Various
probabilistic models have been used, e.g. continuous normalizing ows (Chen et al., 2018) and the
ow matching objective (Lipman et al., 2023) also allow for ef cient training and resampling under
the Boltzmann generators framework (Kéhler et al., 2020; Klein et al., 2023). Boltzmann Generators
can also be combined with Annealed Importance Sampling, which enhances their scalability (Tan
et al., 2025a). However, as we demonstrate empirically, the straightforward resampling with a target
density of a different temperature (Schopmans and Friederich, 2025) results in high variance of
importance weights. Thus, one has to deviate from the Boltzmann Generators framework to perform
the inference-time annealing.

5 Experiments

We evaluatd®I TA on molecular conformation sampling tasks including a toy Lennard-Jones system of
13 particles (LJ-13) and Alanine peptide systems of varying sizes (Alanine Dipeptide and Tripeptide)
in Cartesian coordinate space. Throughout, we assume access to a short MCMC chain run at high
temperature. Note that we do not require these chains to be well mixed, but only require them
to cover the modes, a much less stringent requirement (See Appendix D). For metrics, we use
sample-based metrics such as 2-Wasserstein distance on Ramachandran coordivadesnd

energy distributionE-W1, E-W5), to assess mode coverage and precision, respectively. We also
compare the KL divergence between the Ramachandran plots of the ground-truth MD samples and the
generated samples (RAM-KL), as well as Wasserstein distances on the rst two TICA (Time-lagged
Independent Component Analysis) coordinates of ground-truth and generated samples. Finally, we
report the computational expense of all methods using the total number of energy evaluation calls.

Baselines We compard? I TA with three different baselines: Temperature Annealed Boltzmann
Generators (TA-BG, Schopmans and Friederich (2025)), normalizing ow model trained on molecular
simulation (MD) data collected at the target temperature (MD-NF), diffusion model trained on
molecular simulation (MD) data collected at the target temperature (MD-Diff), and importance
sampling using continuous normalizing ows (Kohler et al., 2020). For the LJ-13 dataset, we
additionally compare the performance of the model with two state-of-the-art diffusion-based sampling
algorithms: namely, iDEM (Akhound-Sadegh et al., 2024) and adjoint sampling (Havens et al.,
2025); however, as none of the current diffusion-based approaches are able to achieve competitive



Figure 2: LJ-13 sampling task. We compare the distribution of the interatomic distances and energy of the
particles in the MCMC dataset (ground-truth), samples generated using a PITA model, and TA-BG progressively
trained from high temperature to sample from the target distribution.

performance on the small protein tasks, we only compare to the TA-BG baseline for those datasets.
Additionally, for the ALDP experiment, we compare against two other annealing strategies for the
diffusion-only approach: FKC and Score Scaling. FKC refers to the annealing scheme in Skreta et al.
(2025), and score scaling is essentially scaling the score with the corresponding temperature factor

. Further experimental details of the baselines, as well as additional baselines, are provided in the
Appendices E and I.

Architecture. In trainingPITA, we use EGNN (Satorras et al., 2021) as the model backbone for
LJ-13, and DiT (Peebles and Xie, 2023) for Alanine Dipeptide and Alanine Tripeptide. Our training
follows a sequential temperature schedule, proceeding from high to low temperatures. After training at
a given temperature for a xed number of epochs, we generate samples at the next lower temperature
and continue training at that temperature. For LJ-13, we train a single diffusion model conditioning

it on and using the data across all previously seen temperatures. For molecular conformation
sampling tasks, we adopt a ne-tuning approach, where at each temperature step, the model is trained
only on the newly generated samples corresponding to the current temperature without revisiting
earlier ones. For the TA-BG baseline, we train TarFlow (Zhai et al., 2025) with adaptations suited to
molecular data for all three systems, and for MD-Diff, we use the same DiT architecture we used in
PITA. We parameterize the energy network using the parameterization in Thornton et al. (2025) and
use the preconditioningd, cout , Cin , Ct) Of Karras et al. (2022) for both energy and score networks.
Further training details and hyperparameters are provided in Appendix I.

Hyperparameters. Proposition 1 allows for many choices of the vector aldx). In practice,
we set it proportional to the score mode{x) / s¢(x; ) and try several scaling coef cients (see
Appendix G). Finally, one can easily add the time-dependent schedbleadding the extra term to
the weights, i.edlogw; = Eq. (12) Ui(Xt; )@ =@tdtwhich we study in Appendix G. We use
the noise schedule from Karras et al. (2022), where, for all experiments, wgset 80 and =7.
For LJ-13 and molecular conformation sampling tasks, we use = 0:05; 0:01, respectively.

5.1 Main results

LJ-13. We rst consider a Lennard-Table 1: LJ-13 sampling task. The starting temperatui¢ is 4,
Jones (LJ) system of 13 particles t§nhnealed tds = 1.

qemonStrate the Eﬁec.tlveness of trallA-Igorithm DistanceW, _  EnergyW, _ GeometricW, _
ing a sampler at a high temperature

_ : iDEM 0.127 30.78+24.46 1.61+0.01
(TII_ 4)t’ fOllowetd b_|¥ arlniallng to Adjoint Sampling - 240+ 1.25 1.67+0.01
a lower temperatureTg = 1). AS 1a'gG (TarFlow) 1.21+£0.02 61.47+0.12 4.16+0.01
shown in Table 1, we compare the pepITA (Ours) 0.04+000  2.26+0.21 1.65 + 0.00

formance ofPITA with existing base-
lines. A visual comparison to TA-BG is provided in Fig. 2. We evaluate each method using the
2-Wasserstein distance computed over interatomic distance distributions, energy distributions, and 3D
geometric coordinates. We omit the DistaiWg-metric for Adjoint Sampling, as its results could

not be reproduced and no code is available at this time; the reported Energy- and Ge@metric-
values are taken directly from the original paper (Havens et al., 2025). To ensure consistency, we
exclude samples with energy above 1000 across all methods; this notably impacts TA-BG, removing



(a) Alanine Dipeptide (b) Alanine Tripeptide

Figure 3: Molecular conformation sampling tasks. We compare the energy distribution of the ground-truth MD
dataset and the samples generated using different modz0¢kat We use 30k samples for the plots.

Table 2: Performance of methods for the ALDP sampling task. The starting temperafure=id200 K,
annealed to targfits = 300 K. Metrics are calculated over 10k samples and standard deviations over 3 seeds.

Rama-KL Ticaw # Tica-W, # EnergyW; # EnergyW, # T-W, #Energy Evals
PITA 4773 0.460 0.112 0.006 0.379 0.028 1530 0.068 1.615 0.053 0.270 0.023 5 10
MD-Diff 1.308 0.072 0.113 0.001 0.579 0.004 3.627 0.023 3.704 0.026 0.310 0.001 5 10
MD-NF 13.533 0.024 0.138 0.003 0.586 0.003 0.551 0.062 1.198 0.069 0.403 0.045 5 10
TA-BG 14.993 0.002 0.219 0.013 0.685 0.034 83.457 0.070 86.176 0.104 0.979 0.012 5 10
FKC 14.392 0.909 0.217 0.000 0.649 0.001 11.281 0.025 11.466 0.027 2.120 0.024 5 10
Score Scaling  4.588 0.467 0.183 0.002 0.608 0.008 10.282 0.020 10.460 0.019 0.550 0.036 5 10

Table 3: Performance of methods for the AL3 sampling task. The starting temperafurei$200 K, annealed
to targetTs = 300K. Metrics are calculated over 10k samples and standard deviations over 3 seeds.

Rama-KL Ticaw, # TicaW, # EnergyW; # EnergyW, # T-W, #Energy Evals
PITA 1.209 0.144 0.272 0.017 0.952 0.055 2.567 0.108 2.592 0.107 0.521 0.006 8 10
PITA (w/o relaxation) 8.535 0.254 0.405 0.014 0.999 0.043 86.270 0.294 87.695 0.294 0.651 0.013 5 10
MD-Diff 9.662 0.085 0.059 0.006 0.426 0.010 7.416 0.130 7.599 0.137 0.424 0.011 8 10
TA-BG 2.078 2.088 0.082 0.001 0.454 0.001 4.782 0.076 4.863 0.082 0.347 0.014 8 10
TA-BG (w/o relaxation) 14.988 0.009 0.321 0.001 0.648 0.000 173.042 0.717 178.558 0.732 1.310 0.004 5 10

approximately 60% of its samples. Even under this lteriRgTA consistently outperforms TA-BG
and other baselines trained directly at the target temperature.

Alanine Dipeptide. We applyPITA to the task of sampling Alanine Dipeptide at a target temperature

of Ts = 300 K, given initial samples at a higher temperaturelpf= 1200 K. We use annealing

steps 0f1200 K; 75595 K; 55552 K; 300 K. These temperatures correspond to a subset of the
temperatures from Schopmans and Friederich (2029)] 84 does not require as many annealing
steps to achieve competitive performance. We also analyze the performance of the model, taking
larger annealing steps in Appendix G. As shown in TablBIZA consistently outperforms both

the diffusion-based baseline and TA-BG across all evaluation metrics, achieving a particularly large
margin in energy-related metrics. We further present TICA plots of the generated samples at the target
temperature in Fig. 4. PITA successfully recovers the essential slow collective dynamical modes of
the system, which baseline methods fail to capture. Additionally, we nd that while TA-BG performs
reasonably well at earlier stages of training at higher temperatures, its performance deteriorates
as temperature decreases. Such a decline is likely due to the increasing dif culty in generating
high-quality proposals as the temperature decreases, which is crucial in the importance sampling
used for subsequent training stages, as well as the dif culty in importance sampling between large
temperature gaps (Appendix D.2). Additional details on training dynamics across all temperatures
for PITA and TA-BG can be found in Appendix H.

Alanine Tripeptide. We further evaluate the performanceRITA on a larger molecular system,
Alanine Tripeptide (AL3). We employ a temperature annealing schedule with intermediate steps
at1200 K; 75595 K; 55552 K; 40824 K; 300 K. As shown in Fig. 5PITA again successfully
recovers the essential dynamical modes of the system, indicating its capability of generating samples
that align with the dominant kinetic features of the underlying dynamics. In practice, we also observe
that performing a short additional MD re nement at the target temperature (300 K) after generation
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