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Abstract

Conformational ensembles provide valuable
insight into the properties and function of
biomolecules beyond what can be obtained from
single structures. Diffusion-based biomolecular
structure models such as AlphaFold 3 (Abramson
et al., 2024) and Boltz-2 (Passaro et al., 2025)
support generation of an ensemble of structures
via repeated diffusion sampling. However, these
models have two main limitations for this purpose.
First, these models are mostly trained on static 3D
structures; even with perfect sampling, the model
distribution is not expected to exactly match the
distribution from molecular dynamics simulations.
Second, sampling ensembles with these models is
computationally expensive due to the many func-
tion evaluations required to generate the reverse
diffusion process. Here, we address the second is-
sue by introducing Boltz-Jump, a method that ac-
celerates the generation of conformational ensem-
bles by up to 10x using the Boltz-2 model with-
out additional training using walk-jump sampling
(Daigavane et al., 2025; Saremi & Hyvérinen,
2019). Ensembles generated by Boltz-Jump also
show significantly improved ability over Boltz-2
ensembles to replicate ensemble properties such
as predicting exposed residues, weak and tran-
sient contacts in the ATLAS (Vander Meersche
et al., 2023) and mdCATH (Mirarchi et al., 2024)
datasets. Since Boltz-Jump directly leverages the
open-source Boltz-2 model, it supports sampling
ensembles for all biomolecular systems (protein,
small molecules, and nucleic acids) supported by
Boltz-2, as well as steering the sampling process
using user-defined potentials (e.g. for guidance
towards physically realistic structures). Finally,
Boltz-Jump enables the sampling of folding and
unfolding trajectories for small proteins, unlock-
ing new capabilities beyond the base model.
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1. Introduction

Proteins are highly functionally diverse and perform vi-
tal roles in human biology making them a main focus of
drug discovery. The properties of proteins are in principle
entirely contained in their one-dimensional amino acid se-
quence. However, many of these properties are complicated
functions of sequence, and are better understood by consid-
ering the distribution of structures these biomolecules adopt
in 3D space. Experimentally determined crystal structures
frequently closely resemble the most stable configuration of
the protein. AlphaFold2 (Jumper et al., 2021) was trained
on crystal structures deposited in the Protein Data Bank
(Berman et al., 2000) and made a significant breakthrough in
the CASP14 competition for protein crystal structure predic-
tion. However, most pharmaceutically important properties,
such as function, developability of antibodies, druggabil-
ity of targets, and binding affinities to various drug-like
moieties are not captured in a single structure alone.

In equilibrium, conformations are sampled from the Boltz-
mann distribution. The native state can be thought of as a
high-probability conformation in this ensemble that is often
closely related to the crystallized structure. In contrast, the
properties we care about are often governed by other diverse
structures with lower probability, or are integrals over the
Boltzmann distribution of structures. Since proteins with
significant sequence homology can frequently exhibit dif-
ferent native structures that correspond to metastable states
for their homologues, it is likely that non-local informa-
tion about metastable states have been learned by folding
models (Roney et al., 2025; Roney & Ovchinnikov, 2022).
One approach that leverages this hypothesis is MSA (mul-
tiple sequence alignment) subsampling (del Alamo et al.,
2022; Wayment-Steele et al., 2024) which subsamples the
MSA sequences which are evolutionarily related to the in-
put sequences in order to elicit alternative structures. While
not strictly principled, MSA subsampling introduces some
diversity that can be biologically relevant or dynamically
informative (Vani et al., 2023; 2024).

The general approach of exploiting pre-trained models de-
veloped originally for single structure prediction to predict
ensembles or trajectories has been previously explored in
several prior works. AlphaFlow (Jing et al., 2024) con-
verts the non-generative AlphaFold2 model into a genera-
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tive model over Ca atoms by adding an input embedding
stack (similar to the template input stack); the resulting
AlphaFlow samples outperform MSA subsampling. Con-
formix (Richman et al., 2025) uses Boltz-1 (Wohlwend
et al., 2024), combined with guidance and twisted particle
sampling to significantly increase diversity in sampled struc-
tures. On the other hand, models such as BioEmu (Lewis
et al., 2024) are explicitly trained on large datasets of MD
data across a variety of simulation conditions.

AlphaFold 3 (Abramson et al., 2024) style models such as
Boltz (Wohlwend et al., 2024 Passaro et al., 2025), Chai
(Chai Discovery, 2024), and Protenix (Zhang et al., 2026)
are all diffusion models which sample structures by re-
versing a forward noising process using a learned score
function. Walk-Jump (Saremi & Hyvérinen, 2019) is an-
other score based approach to generative modeling which
generates samples by performing Langevin dynamics in a
smoothed space followed by denoising using Tweedie’s for-
mula (Miyasawa, 1960; Robbins, 1956) which has recently
demonstrated promise for molecular ensemble generation
(Daigavane et al., 2025). Importantly walk-jump requires
only the same score function that is already learned by diffu-
sion models (technically it requires somewhat less since the
score function is only evaluated at one noise level). There-
fore walk-jump can be immediately applied as an alternative
sampling scheme to pre-trained diffusion models. We aim
to explore the distributions obtained from this sampling
scheme compared to diffusion, and also from other models
that have explicitly been trained on large amounts of MD
data for the purposes of ensemble generation.

We choose Boltz-2 because 1) it is open-source and 2) it
has been trained on a small amount of molecular dynamics
data. However, we wish to emphasize that our method is
general enough to be applied to any diffusion-based protein
structure model operating over all-atom coordinates (e.g.
Chai (Chai Discovery, 2024), AlphaFold 3 (Abramson et al.,
2024), Protenix (Zhang et al., 2026)).

2. Methods

Walk-jump sampling (Saremi & Hyvirinen, 2019) has al-
ready been applied to discrete sequence generation (Frey
et al., 2024), small molecule generation (Pinheiro et al.,
2024b;a) and molecular dynamics sampling (Daigavane
et al., 2025). Our work builds on JAMUN (Daigavane
et al., 2025), which trained a walk-jump sampling model
on MD simulations of small peptides, demonstrating an
order-of-magnitude faster sampling than standard molecular
dynamics. Although JAMUN showed transferability to un-
seen peptides and across sequence lengths it was trained on
converged molecular dynamics trajectories which are expen-
sive to generate at scale for larger biomolecules. Here, we
directly utilize the open-source Boltz-2 model with no addi-

tional training. Boltz-2 supports predictions for monomeric
proteins, protein-protein complexes, DNA, RNA, and small
molecules, which greatly expands the scope of our applica-
tions.

2.1. Walk-Jump Sampling

As before, px is the Boltzmann distribution of the clean
data X. For a given noise level o, let py be the distribution
of Y = X + oe where ¢ ~ N(0,Iyy3), corresponding to
the noisy data Y.
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Figure 1. Overview of the walk-jump sampling process. The
output is a denoised trajectory {2 }7_.

A conceptual overview of the walk-jump sampling process
is shown in Figure 1. Given the initial sample z(0) ~ px,
walk-jump sampling performs the following steps:

1. Noise the initial structure 2(9) to create the initial sam-
ple (©) from the noisy data distribution py- (Figure 1):

YO =20 4 5@ where e ~ N(0,Inx3). (1)
2. Walk to obtain samples "), ..., yN) from py us-
ing Langevin dynamics which consists of numerically
solving the following Stochastic Differential Equation

(SDE) (Figure 1):
dy = vydt, 2)

dvy =V, log py (y)dt — ~yv,dt + M~3\/2dB,,
3

where v, represents the particle velocity, V,, log py (y)
is the gradient of the log of the probability density
function (called the score function) of py, -y is friction,
M is the mass, and By is the standard Wiener process
in N x 3-dimensions: B; ~ N(0,tIxx3). In prac-
tice, we employ the BAOAB(Leimkuhler & Matthews,



Boltz-Jump: Accelerated Sampling of the Conformational Landscape of Biomolecular Structure Prediction Models

2013) discretized solver (??) to integrate Equation 2
numerically.

3. Jump back approximately to px to obtain samples
Z1,...,2n (Figure 1) :

Ty = 2(y;;0) = EX | Y =y, 4

where Z(-) = E[X | Y = -] is called the denoiser. It
corresponds to the minimizer of the ¢5-loss between
clean samples X and samples denoised back from Y =
X + oe.

.’,E(,O’) = argminEXpr,ENN(O,]INxs)[”f(Y) - XH2]3
f Y=X+oe
Q)

where f : RV*3 — R¥*3 As shown by Robbins
(1956); Miyasawa (1960), the denoiser & is closely
linked to the score V,, log py:

i(y;0) =y + 0°V, log py (y). ©6)

Since the denoiser % is already parametrized by Boltz-2 in its
AtomDiffusion module, we can obtain the score func-
tion using Equation 6. Note that the denoiser Z is conditional
on the sequence representation s and pair representation z
computed by the Pairformer stack in Boltz-2 from the
given input sequence and queried MSA information.

3. Datasets

Our experiments focus on the ATLAS (Vander Meersche
et al., 2023) and mdCATH (Mirarchi et al., 2024) datasets,
as benchmarked in the original Boltz-2 paper. ATLAS con-
sists of molecular dynamics simulations performed with
the CHARMM?36m (Huang et al., 2017) force field of 1390
monomeric protein chains, varying from 38 to 2128 amino
acid residues in size, performed with three independent
replicates at a temperature of 300 K and a constant pressure
of 1 bar (NPT ensembles). mdCATH consists of molecular
dynamics simulations performed with the CHARMM?22*
force field (Piana et al., 2011) of 5398 monomeric protein
chains, varying from 50 to 500 residues in size, performed
with five independent replicates each at five temperatures
ranging between 320 K to 450 K at a constant volume ob-
tained after equilibration under a constant pressure of 1 atm.
We use the mdCATH MD simulations at 320 K for our anal-
ysis here, since Boltz-2 was trained on a small subset of
simulations at this temperature.

4. Benchmarks

We utilize the comprehensive metrics defined by AlphaFlow
(Jing et al., 2024). In particular, we measure:

* Structural validity: Precision, recall and diversity as
measured by IDDT (local distance difference test) for
Ca carbons for each residue, compared to the ground
truth starting crystal structure.

¢ Flexibility: Root mean squared deviation (RMSD)
and per-residue fluctuation (RMSF) compared to the
ground truth MD ensemble.

* Distributional accuracy: Root mean Wasserstein dis-
tance between the predicted ensemble and the ground
truth MD ensemble, projected onto the PCA compo-
nents obtained from the ground truth MD ensemble.

* Transient and weak contacts prediction: Residue
pairs which associate (or dissociate) in the ground-
truth MD simulation.

¢ Exposed residue prediction: Residues which are orig-
inally hidden but eventually exposed to the solvent
during the ground truth MD simulation.

We compare Boltz-Jump to AlphaFlow and BioEmu on the
ATLAS and mdCATH datasets. The comparison between
these models is not ideal due to the lack of consistent splits
across these models. In fact, AlphaFlow was omitted from
ATLAS comparisons in the original Boltz-2 paper because
its training set overlapped significantly with the test set cho-
sen by Boltz-2. Further, AlphaFlow itself was trained on a
much larger subset of ATLAS data than Boltz-2 was. The
exact training splits for BioEmu and Boltz-2 are not pub-
licly available; in any case, retraining these models would
require significant computational resources unfeasible for
the current study. For this reason, we emphasize that the cru-
cial comparison is between Boltz-Jump and Boltz-2, since
they utilize the same base model but with different sampling
strategies.

We utilize the GPU-accelerated mmseqs software to com-
pute the MSAs for all input sequences; these are batched,
precomputed and shared across all models. This runtime
is not accounted for in the total runtimes in Table 3. We
describe the MSA generation process and provide our MSA
generation script in Appendix A.

Finally, our evaluation here improves on the MD evaluation
in the original Boltz-2 paper (Passaro et al., 2025); the
original paper only took samples from each of Boltz-2 (with
no MSA subsampling), AlphaFlow (only the base model,
not distilled), and BioEmu, and these were compared to only
200 samples from the ATLAS and mdCATH trajectories.
We choose the same set of 40 evaluation targets from each
dataset as in the Boltz-2 MD evaluation. The exact target
IDs are listed in Appendix B'.

!Obtained via private correspondence with the Boltz-2 authors;
listed here for reproducibility.
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5. Results

We set 0 = 2.0A, with timestep 4 = 2.0 and friction
v = 0.1 in the BAOAB integrator. The timestep and friction
are intricately linked to the smoothness of the underlying
potential energy surface; usually higher noise levels enable
larger timesteps, and friction can be reduced to decorrelate
faster. Note that JAMUN was only able to work with o =
0.5 A; higher noise levels would affect the quality of the
denoised samples with their equivariant GNN architecture.
We suspect that the conditioning of the Boltz-2 denoiser on
rich sequence and pair embeddings from the Pairformer
stack enables successful denoising at higher noise levels.

Across both ATLAS and mdCATH, Boltz-Jump is much
more predictive of ensemble properties such as identifying
weak contacts, transient contacts, and exposed residues, al-
most matching the bespoke AlphaFlow MD and BioEmu
baselines at significantly improved runtime cost. Again, a
fair comparison across model families is difficult due to dif-
ferences in training data; hence we additionally highlight in
gray a comparison across the Boltz-2 models. We find that
Boltz-Jump maintains most of the recall (as measured by
IDDT) but sacrifices some precision; this is expected as we
only perform a one-step denoising process, which inherently
introduces some error. Another concern is the ensemble dis-
tributional metrics (RMWD, PCA W, and PC similarity)
are diminished under walk-jump sampling. This suggests
that walk-jump sampling may be exploring a broader region
of conformational space than the ground-truth MD ensem-
ble. However, whether the ground-truth MD ensembles are
themselves converged remains unclear. In the future, we
plan to benchmark walk-denoise, where we follow the re-
verse diffusion process starting at our chosen noise level o,
which allows the model to correct for these errors.

Due to the use of a single noise level o throughout the
sampling process, Boltz-Jump samples ensembles much
faster than any of the baselines, as seen in Table 3. In
particular, we observe 5x to 10X faster sampling over the
usual full diffusion process which restarts each sample from
pure noise.

5.1. Folding Trajectories

Since walk-jump requires a seed structure (just as molecular
dynamics trajectories are seeded) to begin sampling, we can
sample folding trajectories with Boltz-Jump by initializing
the walk-jump trajectory from an unfolded state. Figure 2
shows an example of a folding trajectory for Trp-cage (PDB:
1L2Y) generated using Boltz-Jump with no guidance.

5.2. Biased Sampling with Steering Potentials

In practical situations, we often wish to bias the sampling
process to produce samples satisfying certain constraints.

One popular method to do this is to adjust the score by
adding a force —AV Uy, defined by a steering potential
Useer and a strength factor \; for example, to ensure that
certain residues remain bonded. Since we directly build on
the Boltz-2 repository, we directly inherit all of the steering
potentials supported by Boltz-2. We also added another
steering potential to steer the model towards a target state,
such as the folded state of a protein, by simply adding the
per-atom deviations upto a 1A threshold. In the full diffu-
sion sampling, the strength A of the steering potential needs
to be adjusted constantly according to a tuned schedule as
the noise level o is reduced; otherwise the sampling col-
lapses onto a few modes. A key advantage of walk-jump
sampling is the ability to set a single value for the strength
A throughout the sampling process, removing the need to
tune an entire schedule. We demonstrate this by simulat-
ing the unfolding trajectory (which would not occur in any
reasonable amount of time in an MD simulation) from the
folded-to-unfolded state of Trp-cage with Boltz-Jump in
Figure 3. The visible kink in the helix is due to a proline
residue, which is a known helix breaker due to its unique
cyclic structure; Boltz-Jump captures this nuance and does
not fully unfold the structure into a simple «-helix.

Similarly, in Figure 4 we initialize from the inactive form
of Abl Kinase (PDB: 6XR6) and guide it towards its (con-
formationally different) active form (PDB: 6XR7). The
secondary structure remains well-defined throughout this
trajectory.

6. Conclusion

Here, we have introduced Boltz-Jump, leveraging the open-
source Boltz-2 protein structure prediction model to perform
walk-jump sampling. We demonstrated several advantages
of this strategy; accelerated sampling of the conformational
ensemble which better captures transient and weak contacts,
the ability to sample folding trajectories without guidance
and unfolding trajectories using guidance. All of these ca-
pabilities were performed using the original Boltz-2 model
with no additional training. In the future, we plan to bench-
mark the folding trajectories sampled by our method, and
further understand the tradeoffs of walk-jump sampling.
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Table 1. Conformational ensemble metrics on ATLAS. Bold: best overall. Gray: best among Boltz-2 variants. 1: higher is better, |: lower
is better.

Boltz-2 Boltz-2  Boltz-2  AlphaFlow  AlphaFlow

Metric Boltz-Jump 1 ' MSA  MSA32 MSA64 MDBase MD Distilled ClOEM™Y
IDDT Precision 1 0.735 0.871 0860  0.867 0.834 0.811 0.830
IDDT Recall 1 0.819 0.825 0.821  0.824 0.831 0.801 0.819
IDDT Diversity 1 0.268 0.017 0029  0.022 0.135 0.085 0.182
Pairwise RMSD p 1 0.611 0.622 0438  0.508 0.610 0.718 0.548
Per-residue RMSF p 1 0.559 0.633 0631  0.624 0.711 0.703 0.639
RMWD | 4.59 3.98 4.05 3.98 3.52 3.74 3.72
PCAW, | 3.20 232 2.35 233 1.72 2.05 234
PC similarity 1 75 30.0 275 25.0 45.0 325 40.0
Weak contacts .J 1 0.531 0.217 0276 0.234 0.643 0.520 0.541
Transient contacts J 1 0.258 0.263 0.268 0.267 0.429 0.299 0.360
Exposed residue .J 1 0.489 0.327 0327 0333 0.719 0.609 0.591
Exposed MI p 1 0.239 0.085 0.095  0.102 0.287 0.134 0.260

Table 2. Conformational ensemble metrics on mdCATH at 320 K. Bold: best overall. Gray: best among Boltz-2 variants. 1: higher is
better, |: lower is better.

Boltz-2 Boltz-2  Boltz-2  AlphaFlow  AlphaFlow

Metric Boltz-Jump 1 ' MSA  MSA32 MSA64 MDBase MD Distilled ClOEMY
IDDT Precision 1 0.751 0.848 0.841 0.842 0.786 0.776 0.741
IDDT Recall 0.753 0.757 0764  0.760 0.751 0.730 0.740
IDDT Diversity + 0.239 0.026 0.033 0.028 0.167 0.078 0.260
Pairwise RMSD p 1 0.627 0.550 0612  0.629 0.323 0.335 0.526
Per-residue RMSF p 1 0.622 0.632 0607  0.622 0.640 0.628 0.660
RMWD |, 421 4.62 4.55 4.30 427 4.77 3.97
PCA W, | 275 277 2.70 2.54 2.68 311 2.59
PC similarity 1 15.0 25.0 2.5 17.5 2.5 27.5 20.0
Weak contacts .J 1 0.590 0.258 0308  0.262 0.564 0.501 0.618
Transient contacts J T 0.304 0.219 0.214 0.238 0.357 0.238 0.339
Exposed residue .J 1 0.625 0.374 0408 0435 0.650 0.571 0.631
Exposed MI p 1 0.264 0.041 0.048  0.035 0.231 0.109 0.376




Boltz-Jump: Accelerated Sampling of the Conformational Landscape of Biomolecular Structure Prediction Models

Table 3. Wall-clock runtime (minutes) for generating conformational ensembles. Boltz-Jump achieves significant speedups over all
baselines.

Dataset Method Min Mean Median Max
Boltz-Jump 037 097 0.95 1.47
Boltz-2 Full MSA 1.35 497 4.48 12.72
Boltz-2 MSA 32 1.32 491 4.45 12.57

ATLAS Boltz-2 MSA 64 1.37 490 443 12.57
AlphaFlow MD Distilled 1.83  8.99 7.39 30.03
AlphaFlow MD Base 7.15 79.06 63.01 288.75
BioEmu Sample 040 434 3.73 14.88
BioEmu Relax 9.67 38.06 34.53 89.25
Boltz-Jump 073  0.79 0.78 0.87
Boltz-2 Full MSA 143  2.68 2.51 5.15
Boltz-2 MSA 32 145  2.68 2.50 5.13

mdCATH Boltz-2 MSA 64 143 2.63 247 5.10
AlphaFlow MD Distilled 1.33  3.28 2.80 8.22
AlphaFlow MD Base 842 753 22.97 75.48
BioEmu Sample 148 282 2.53 5.70
BioEmu Relax 10.68 1997 17.73 35.10
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Figure 2. Structural snapshots from the Boltz-Jump trajectory for
Trp-cage (PDB: 1L2Y), starting from the unfolded structure (blue) B K o
and reaching the folded structure with no guidance. -y weNg
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Figure 4. Structural snapshots from the Boltz-Jump trajectory for
m/ N Abl Kinase, starting from the inactive form (PDB: 6XR6) and
guided towards the (conformationally different) active form (PDB:

6XR7) with guidance.
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Figure 3. Structural snapshots from the Boltz-Jump trajectory
for Trp-cage (PDB: 1L2Y), starting from the folded structure
(blue) and reaching the unfolded structure with guidance, due to
thermodynamic unfavorability of the unguided process.
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A. Multiple Sequence Alignment (MSA)
Generation

We utilize the GPU-accelerated mmseqgs (Steinegger &
Soding, 2017) package to query the ColabFold (Mirdita
et al., 2022) and UniRef30 (Consortium, 2024; Suzek et al.,
2007) databases:

#!/bin/bash

if [[ $S# < 1 1]; then
echo "Must pass name of FASTA file to $0"
exit

fi

echo "Reading sequences from $1"

FASTA=51

OUTDIR="${FASTA%.*}_msa"
mkdir -p S$OUTDIR

mmseqs gpuserver /data2/colabfold_db/database/colabfold_envdb_202108_db \
--max-seqs 10000 —--db-load-mode 3 —--prefilter-mode 1 & PIDI=$! \

§&& mmseqgs gpuserver /data2/colabfold_db/database/uniref30_2302_db \
-—max-seqs 10000 --db-load-mode 3 --prefilter-mode 1 & PID2=$! \

&& sleep 60

colabfold_search SFASTA /data2/colabfold_db/database/ SOUTDIR \
-—gpu 1 —-—gpu-server 1 —--db-load-mode 3
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B. Evaluation Targets

We list the exact PDB IDs of the targets we evaluated on,
matching the Boltz-2 evaluation.

Table 4. ATLAS test set: 40 protein chains used for evaluation,
with sequence lengths ranging from 40 to 567 residues.

PDBID Length PDBID Length

49nu_B 40 2gia_A 262

lptg.A 50 1ssg.D 267

4pz1 A 98  3ho6a 267

2p9x.D 99 Tpd6_A 282

7s86_A 99 1hg0_A 295

2bola 101 1d3y.B 301

6tgk-C 105 lréw.A 322 Table 5. mdCATH test set: 40 protein chains evaluated at 320 K,

lodk A 108 3dpg-B 338 with sequence lengths ranging from 52 to 280 residues.

1jifA 122 3lpc A 340

2w0g_A 129 1150.A 356 PDB ID Length PDB ID Length

2pag-A 135 4gvz.a 357 3qiiA00 52 3i32A02 125

Jeadh 135 TagqxA 364 1d2dA00 56 2kkmAO1 125

2yva-A 143 7qsua 374 2hg7200 60  4pt1BOO 128

3cy4n 154 Tdmna 377 2kk2A00 61  3r5da0l 129

2igia 180 1dlja 402 3c6£A0L 62 2kkuA0O 139

sfrra 191 6pnv.a 41l 11ddA00 74 1zxfA00 155

1juva 193 1lzjen 418 416uB00 77 1£8yA00 156

303x A 198 TJwaba 484 2k5iA02 78 1uf2co02 157

Swzfa 206 3djla 541 4169200 79 3ufbAol 159

Jrm7A 228  5znjA 567 1wosA04 86  20udA00 177
2gzoA02 89 2kc3A00 183
3fg6A02 94  35ciA00 190
1lwwjA00 99 3nv0A00 196
2hgkA01 105  2a7kBO1 197
1g6aA00 107 1a87A02 200
3wy8A01 113 1d0bA00 207
49mfBO0O 116 4r5gA00 215
2dckA02 119 4fhdA02 227
2k54A00 123 2v0rA00 235
31i31A02 125 4 9bA02 280
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