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Abstract

Accurate exploration of protein conformational ensembles
is essential for uncovering function but remains hard be-
cause molecular-dynamics (MD) simulations suffer from
high computational costs and energy-barrier trapping. This
paper presents Energy Preference Optimization (EPO), an on-
line refinement algorithm that turns a pretrained protein en-
semble generator into an energy-aware sampler without ex-
tra MD trajectories. Specifically, EPO leverages stochastic
differential equation sampling to explore the conformational
landscape and incorporates a novel energy-ranking mecha-
nism based on list-wise preference optimization. Crucially,
EPO introduces a practical upper bound to efficiently approx-
imate the intractable probability of long sampling trajectories
in continuous-time generative models, making it easily adapt-
able to existing pretrained generators. On Tetrapeptides, AT-
LAS, and Fast-Folding benchmarks, EPO successfully gener-
ates diverse and physically realistic ensembles, establishing
a new state-of-the-art in nine evaluation metrics. These re-
sults demonstrate that energy-only preference signals can ef-
ficiently steer generative models toward thermodynamically
consistent conformational ensembles, providing an alterna-
tive to long MD simulations and widening the applicability
of learned potentials in structural biology and drug discovery.

Introduction

Proteins operate through continual interconversion among
multiple conformational states. This dynamic landscape
underlies fundamental biological processes, including al-
lostery, molecular recognition, and catalysis (Nussinov
2016; Raisinghani et al. 2024; Henzler-Wildman and Kern
2007). Consequently, mechanistic insight (Nussinov et al.
2023; Kalakoti and Wallner 2025; Schafer et al. 2025)—and,
by extension, structure-based drug discovery—requires
models that recover the entire Boltzmann ensemble rather
than a single static conformation (Teixeira et al. 2022; Nussi-
nov 2016; Raisinghani et al. 2024).

Molecular dynamics (MD) remains the standard tool
for exploring these ensembles (Stevens et al. 2023; Al-
Rawashdeh and Barakat 2023; Ghahremanian et al. 2022;
Badar et al. 2022). Yet MD trajectories are constrained by
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Figure 1: EPO aligns the model’s energy landscape with the
ground truth by leveraging energy rankings from a physics-
based molecular force field (PMFF), guiding the model to
assign lower energy to more favorable conformations.

rugged energy landscapes whose high barriers render func-
tional transitions rare on simulation timescales (Hénin et al.
2022; Ray et al. 2022; Wang et al. 2021; Souza et al. 2021).
Conventional runs therefore become trapped in local min-
ima and undersample transient or high-energy states that are
often functionally critical.

Recent advancements in deep generative models offer a
computationally efficient approach to achieving conforma-
tional diversity. Early efforts perturb single-state predictors
such as AlphaFold2 (Jumper et al. 2021) with dropout, tem-
plate shuffling, or MSA subsampling (Del Alamo et al.
2022; Stein and Mchaourab 2022; Wayment-Steele et al.
2024), but yield only modest variations near the dom-
inant conformation. A more prevalent strategy involves
fine-tuning generative models on extensive MD trajecto-
ries (Lewis et al. 2025; Team and Ye 2025; Klein and Noe
2024). However, supervised fine-tuning may suffer from
misalignment out of inadequate sampling. This issue is two-
fold. First, producing equilibrated MD trajectories necessi-
tates prohibitively long simulations that may still undersam-
ple the true ensemble in large biomolecular systems (Hénin
et al. 2022; Ray et al. 2022). Second, even when fine-tuned
on well-sampled trajectories, generative models tend to re-
visit the same local regions of conformational space, leading



to generated conformations that fail to accurately follow the
MD-distribution (Wang et al. 2024; Jing et al. 2024).

Recent advances in large language models have revealed
the effectiveness of post-training refinement techniques
in addressing the misalignment issues in supervised fine-
tuning (Wallace et al. 2024; Guo et al. 2025). Direct Prefer-
ence Optimization (DPO) (Rafailov et al. 2023) stands out as
a representative example of such methods. Drawing a paral-
lel, we posit that pretrained protein ensemble generators can
be viewed as competent yet misaligned samplers. However,
directly applying DPO to these generators is non-trivial. En-
semble generation aims to reproduce the full Boltzmann dis-
tribution of relevant states, whereas the pairwise compar-
isons used in naive DPO tend to steer the model toward a
single, energetically favorable basin, undermining distribu-
tional fidelity (Wang et al. 2023; Han et al. 2025; Lanchantin
et al. 2025).

To address these challenges, this paper introduces Energy
Preference Optimization (EPO), a novel physics-guided on-
line framework for refining protein ensemble generators.
Specifically, EPO integrates stochastic differential equation
(SDE) sampling into an online, iterative refinement process.
This allows the model to dynamically explore the conforma-
tional landscape, thereby mitigating the issue of inadequate
sampling. Furthermore, to overcome the limitations of pair-
wise comparisons, EPO introduces a physics-based energy
ranking mechanism. This mechanism employs listwise pref-
erence optimization to guide the generator towards a diverse
and physically realistic ensemble rather than a single low-
energy state. Crucially, EPO derives a practical upper bound
for the listwise preference objective, effectively approximat-
ing the intractable transition probabilities of long sampling
trajectories inherent in continuous-time generative models.
This formulation integrates seamlessly with modern denois-
ing score-matching and flow-matching architectures and can
be adopted directly by existing pretrained generators.

Extensive experiments demonstrate that preference sig-
nals derived solely from physical energy are sufficient to
correct the misalignment of pretrained generators. As a re-
sult, this relieves the need for expensive post-hoc MD trajec-
tories. Empirically, EPO establishes a new state-of-the-art
across nine distinct distributional metrics on the Tetrapep-
tides (Jing et al. 2024), ATLAS (Vander Meersche et al.
2024), and Fast-Folding (Lindorff-Larsen et al. 2011) bench-
marks. Furthermore, visualizations and ablation studies val-
idate the effectiveness of EPO’s design components.

Our contributions are summarized as follows:

* This paper proposes EPO, an online framework that di-
rectly aligns pretrained generators with the target Boltz-
mann distribution using listwise energy preferences.

* A practical upper bound for the intractable listwise pref-
erence objective is derived, yielding tractable gradi-
ents compatible with modern continuous-time generative
models.

» Extensive experiments show that EPO attains state-of-
the-art results on several metrics and benchmarks, and
delivers competitive performance elsewhere, while pro-
ducing diverse and physically realistic ensembles with-
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out requiring additional MD simulations.

Preliminaries

Direct Preference Optimization. Let a prompt x € X’ be
given and let a policy my(y|z) assign probabilities to re-
sponses y € ) (e.g. molecular conformations, textual an-
swers). The learning goal is to adjust € so that the induced
distribution matches externally provided preferences.
Direct Preference Optimization (DPO) (Rafailov et al.

2023) learns from a dataset D = {(z®, ¢y y D)}
where each triple contains a winning sample ¥,, and a losing
sample y;. Under the Bradley—Terry comparison model, the

DPO loss is

Lppo-BT (T3 Mref) = *E(x,yw,yz)ND {
T, w|T ™ xT
logo(ﬁlogM—ﬁlo M)} (1)
Tret (Y| T) Trer (Y1]2)

where o is the logistic function and 3 > 0 controls the im-
plicit KL regularization with respect to a fixed reference pol-
iCy Tt 1.€., the initial pretrained checkpoint.

In practice, human preferences often extend beyond pair-
wise comparisons to ranked lists, introducing a key chal-
lenge that the magnitude of preference between items
is typically non-uniformly weighted. Consequently, when
a prompt is associated with an ordered list 7
(Y(1)s -+ Yam)) sorted by preference, we can generalize
Eq. 1 to a listwise variant, which can be derived from the
Plackett—Luce model (Rafailov et al. 2023; Liu et al. 2024)
or from ListMLE (Xia et al. 2008):

Lppo-pL (705 Tret) = —E(r z.4,,..., yk)~D[
K 7(i)
. Z log exp(se (I )) :| , (2)

i=1 Ef:l exp(sp(z7(1)))

o (ylz)
7rrcl'(y|ml) ’

where sg(27) 2 Blog

Flow Matching and SDE Sampling. Flow Matching
(FM) (Lipman et al. 2023; Albergo and Vanden-Eijnden
2023) trains a time-dependent velocity network vg(z, t) that
transports samples from a simple prior distribution pg(z)
(e.g., N(0,1)) to a target data distribution p; (). This pro-
cess is defined by constructing a coupling path between pairs
of samples (g, 21) ~ po X p1. For any such pair, the path
x¢ for t € [0,1] is defined as: xy = a1 + opxo. Here, oy
and oy are scheduling functions designed to ensure the path
smoothly interpolates from the prior sample to the data sam-
ple. Let ©; = ;a1 + &€ denote the ground-truth velocity
along this path. FM fits vy by minimizing the expectation of
a mean squared error (MSE) loss:

EFM(Q) = Ewo,wl,t[HW(mtat) _xtH%] (3)

After training, samples can be generated by solving a prob-
ability flow ordinary differential equation (ODE): z; =
odeint(vy(t),zo,t : 0 — 1). Following Ma et al., we
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Figure 2: Overview of EPO. (a) Given the first frame (static conformation) of a protein, we leverage a pretrained ensemble
generator and introduce an ODE-to-SDE strategy to enable stochastic sampling for online optimization. Energies of the online
samples are used as rewards to update the model with LoRA. (b) SDE-based sampling effectively overcomes the energy barriers
inherent in the original model (sequence: ASRE). Consequently, the optimized EPO model generates diverse and physically
realistic protein ensembles, bypassing the need for any post-hoc MD simulations.

construct a reverse-time SDE formulation that preserves the
same marginal distribution as the ODE:
1 -
dzy = v(xy, t)dt + iwts(mt,t)dt + JwidWy,  (4)

N
S(wert) = o1 g (e, t) — iy

. . )
Q0 — 0y

where dW, denotes the Wiener process and wy; > 0 is the
score norm controlling the level of stachasticity.

This equivalence allows us to employ existing pretrained
velocity networks within an SDE sampling framework to en-
hance sampling diversity and aid optimization, as has been
demonstrated in recent literature (Lu et al. 2023; Xue et al.
2025; Liu et al. 2025).

FlowDPO. For autoregressive language or diffusion mod-
els, log my(y|x) is directly available as token logits or tra-
jectory log-probabilities, making DPO an efficient, black-
box-free alternative to RLHF. Unlike language models,
closed-form log 7y (y|z) of FM is computational ;therefore,
the pairwise DPO loss (Eq. 1) appears intractable because
it requires trajectory-wide log-likelihoods. FlowDPO (Jiao
et al. 2024) resolves this by amortizing the pairwise DPO
objective over time: under a Gaussian assumption on
marginal states, the global preference loss decomposes into
a weighted difference of per-time MSE,(xq, 1;6), each of
which is computable from vy in Eq. 3 alone:

Lpporm = _Ezowpmé Lt log o (

B[MSE, (2, 21 Orer) — MSE¢ (2, 213 Oopt)
— MSEt(xf), xll; Orer) + MSEt(xé, xé; Hopt)}). 6)

A detailed proof can be found in Appendix.
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Method

Prevailing pairwise preference optimization techniques fall
short in modeling complex systems, as they cannot capture
the free energy hierarchy of the conformational ensemble.
Listwise objectives offer a more powerful alternative but are
typically computationally intractable. To bridge this gap, we
introduce EPO, a new framework that leverages a practical
upper bound on the listwise objective. This formulation re-
frames the problem as a direct energy minimization task, un-
locking the potential of the listwise approach by ensuring
both its effectiveness and computational feasibility.

Suboptimality of Pairwise DPO for Energy
Alignment

Generally, a protein free-energy landscape is characterized
by several metastable basins whose local minima may lie
at markedly different absolute energies. When a genera-
tor is trained with pairwise Direct Preference Optimization
(Eq. 1), every comparison favors the conformation of lower
energy, gradually steering the model toward the single, glob-
ally best basin. This pairwise pressure undermines the very
goal of ensemble modelling—namely, to reproduce the full
distribution of relevant states—because higher-energy but
kinetically important basins are progressively ignored. A
listwise loss, which updates the parameters with respect to
the ordering of an entire batch, treats these basins more even-
handedly and therefore better preserves diversity.

Beyond diversity, listwise objectives possess a func-
tional form—typically a log-sum-exp over batch scores
(Eq. 2)—that can be interpreted as soft importance reweight-
ing. Low-energy samples receive exponentially larger gradi-
ents, yet the contribution of higher-energy samples does not
vanish entirely. Recent work on energy-based fine-tuning



has shown that such adaptive weighting is beneficial for
matching the target Boltzmann distribution (Uehara et al.
2025; Li et al. 2024; Wang et al. 2024).

Finally, the computational route to parity between the two
settings is impractical. Although evaluating all ([2( ) compar-
isons in each batch allows a pairwise objective to be equiva-
lent to a listwise objective, this is prohibitive and impractical
for realistic values of K in flow-matching models. Restrict-
ing the loss to a subset of pairs—such as adjacent elements
after energy sorting—reduces cost but at the price of higher
gradient variance and information loss. This simplified train-
ing setting is denoted as EPO-Pair and its underperformance
compared to the full listwise version, EPO-List, is demon-
strated in the experimental section.

For these reasons, EPO is designed with a listwise struc-
ture to guide the generative model towards the underlying
physical energy landscape in a manner that is both robust
and diversity-promoting.

Extension on Flow Matching

Adapting the Listwise Preference Optimization (LiPO)
framework, originally designed for discrete outputs from
language models, to continuous-time generative models like
flow matching presents a significant challenge. The core
of this adaptation lies in redefining the reward mechanism.
While standard LiPO evaluates a model’s final, static out-
put, the continuous dynamics of flow matching necessitate a
reward defined over the entire generation trajectory. There-
fore, drawing inspiration from recent work on preference op-
timization for generative models (Wallace et al. 2024; Jiao
et al. 2024), we propose a trajectory-based reward function:

p; (yO:T ‘ l‘)

r(x, =fBE ) 2 |lo
(z,y0) =B po (y1.7|Y0,7) |: gpref(yo:T | )

(7N

Substituting this into the Listwise Preference Optimiza-

tion (LiPO) framework, we obtain the Listwise preference
losses:

Liipo-piow(0) = —Eay,,....yx~D

exp | E - |Blog
Yi.1

(g8 |x)

mer(yéfﬁ)lw)} >

~ ()
K o* 7'.(.7) x

Tret (Y.

K
Z log
k=1

where y7'%) ~ po(yrr | yg™).

Practical Upper Bound

The listwise loss derived above is intractable to optimize di-
rectly for two primary reasons. First, the functional form
of the Plackett-Luce choice probability is difficult to han-
dle. EPO addresses this by leveraging the function’s con-
vexity; applying Jensen’s inequality yields a tractable upper
bound. Second, sampling from the reverse-time transition
distribution, pg(y¢—1,¢|Y0), is infeasible during training. Fol-
lowing established practice for continuous-time generative
models (Jiao et al. 2024), we approximate this intractable

}w log Z(z).
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reverse transition with the corresponding forward process
probability.

By combining these two solutions—the upper bound on
the choice probability and the forward process approxima-
tion—and further simplifying a key resulting term with a
Mean Squared Error (MSE) proxy between the predicted
and reference trajectories, the final, practical objective is ar-
rived:

LLiPO—Flow Matching (9)

7 (k) T(M)

ﬂ*(nyl‘yT
ex 10 —_—
p (ﬂ g (97 y;m))

<

7(J)

K
“Eoyyegh D108
k=1

K o (yrl ‘y‘f(j))
ijk exp (ﬁ log m
K
exp |so(7(k))
= _E(LY)’t,yl& Zlog % [ ] , )
o e [so(r()]

so(r()) = B(MSEy (5,47 1)

— MSEx(y5 ", 57 0op) ). (10)

where (7,Y) = (z,91,...,yx) ~ D, t ~U(0,T), yk. =
yf—l,t ~po(ye—1e | y§), Ve e {1,... K}

Ensemble Sampling as Forward Simulation

EPO uses MDGen (Jing et al. 2024) as the backbone model
to perform forward simulation of molecular trajectories x =
[X1,...,X]| for a given L-residue amino acid sequence A.
Each X; € R3" represents all-atom coordinates. MDGen
processes proteins by defining local reference frames for
each residue (Yim et al. 2023), and parameterizes molecular
structures using per-residue SE(3) roto-translations (R, t)
and seven internal torsion angles (v, ®,w, X1, --,X4)s

leading to Xé T ((R,t)é,($,¢,W,X1,~",X4)i €
([SE(?)) x T7] L) . MDGen addresses the computation-

ally prohibitive updates in each frame by transforming the
absolute poses of the trajectories into a key-frame-based rel-
ative representation. Given K key frames (/' = 1 indicates
the first trajectory frame in forward simulation, which is the
setting in this paper), the state of residue j at frame ¢ (de-
fined by its absolute roto-translation g; and torsions 77) is
featurized into a token &7. This token comprises K relative
roto-translations and the residue’s torsions, embedded into a
fixed-dimension vector:

¢l =

(119l 1) € SE@E) x T°

= QT e R x (82)T c R™1. (11)
A transformer-based model architecture guided by SiT (Ma
et al. 2024) is used in MDGen, parameterizing a final veloc-

ity network vg: vg(-,t | {ge, }5_,, A) @ RTXDx(TE+14) o
[0,1] s RTXLX(TK+14)
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Figure 3: Comparison of torsion angle distributions and free energy surfaces (FES) for two tetrapeptide sequences. EPO success-
fully captures crucial metastable states absent in pretrained model outputs and effectively corrects high-energy biases observed
in pretrained distributions (highlighted in dotted boxes, respectively), demonstrating strong alignment with the ground-truth

energy landscapes.

Pairwise Global Per-target Root MD PCA BPC-sim>0.5 Weak Exposed
RMSDr RMSFr RMSFr Wa Wa e ’ contacts J  residue J
M M M ) €3 M )
MDGen 0.48/0.42 0.50/0.49 0.71/0.70  2.69/3.47 1.89/2.43 10 0.51 0.29
EPO-Pair | 0.49/0.49 0.49/0.49 0.74/0.69 2.88/3.53 1.88/2.42 9 0.42 0.43
EPO-List | 0.51/0.51 0.50/0.50  0.75/0.70  2.79/3.43 1.77/2.35 13 0.45 0.44

Table 1: Comparison of generated ensembles against ground-truth MD simulations on the ATLAS benchmark. Values reported
are the median, with mean values shown after a backslash where applicable.

Experiments

In this section, we conduct comprehensive experiments to
rigorously evaluate the effectiveness of the proposed EPO
framework. Our main findings can be summarized as fol-
lows: (1) EPO establishes new state-of-the-art performance
across nine evaluation metrics on three widely adopted pro-
tein conformation benchmarks. (2) By relying solely on
energy-based labels, EPO promotes more effective explo-
ration of the conformational space and improves alignment
of the generated ensembles with the Boltzmann energy dis-
tribution. (3) Despite theoretical equivalence, the listwise
approach outperforms its pairwise counterpart in practical
experiments.

Implementation Details

Datasets. The adopted benchmarks span a range of molec-
ular systems—from small peptides to large, structurally var-
ied proteins and fast-folding systems—allowing us to assess
our model’s capabilities across different scales and complex-
ities. Specifically, we first evaluate the Tetrapeptides (Jing
et al. 2024) dataset, which contains all-atom molecular dy-
namics (MD) trajectories for 3, 000 training, 100 validation,
and 100 test tetrapeptides, each simulated for 100 ns. We
then conduct finetuning on ATLAS (Vander Meersche et al.
2024) dataset, which is constructed to maximize domain-
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level structural coverage across ECOD X-classes. It con-
sists of explicit-solvent, all-atom MD simulations, provid-
ing three independent 100 ns trajectories for each of its
1, 390 structurally diverse protein entries. We also evaluate
the Fast-Folding benchmark (Lindorff-Larsen et al. 2011),
which includes MD simulation data for 12 small proteins
exhibiting rapid folding-unfolding dynamics.

We follow the standard dataset splits as in MDGen (Jing
et al. 2024) and AlphaFlow (Jing, Berger, and Jaakkola
2024) for the three datasets.

Baselines. EigenFold (Jing et al. 2023) is the first to lever-
age diffusion models for this task, generating conforma-
tional ensembles by sampling from a learned distribution
over protein eigenmodes. MDGen (Jing et al. 2024) directly
models MD trajectories, utilizing a Scalable Interpolant
Transformer and key-frame conditioning for improved com-
putational efficiency. Str2Str (Lu et al. 2023) uses online
stochastic perturbations during generation to enhance di-
versity, which is similar to EPO, but it does not incorpo-
rate explicit physical guidance from energy or force signals.
ConfDiff (Wang et al. 2024) are fine-tuned on static, offline
datasets annotated with pre-computed energy and force la-
bels, which limits their ability to dynamically adapt to dis-
tributional shifts during training. A more detailed discussion
of these related works is provided in the Appendix.



Models JSD (\L) RMSEcnnlacl (\L) RMSF
PwD Rg TIC TIC-2D (A) (A)
EigenFold 0.53/0.56  0.52/0.55 0.50/0.50  0.64/0.66 6.18/6.22 1.6/1.1
Str2Str-SDE 0.34/0.32  0.30/0.24 0.39/0.38  0.56/0.58 3.68/4.01 7.8/8.0
Str2Str-ODE 0.37/0.38  0.33/0.30  0.40/0.39  0.57/0.59 4.14/4.36 6.4/6.3
ConfDiff-Energy ~ 0.34/0.34  0.31/0.29  0.39/0.40  0.54/0.56 3.65/3.80 7.1/6.1
ConfDiff-Force  0.29/0.27  0.26/0.24  0.38/0.38  0.54/0.54 3.25/3.38 6.2/5.7
EPO-Pair 0.30/0.30  0.29/0.29  0.39/0.40 0.57/0.61 2.68/2.54 6.6/6.6
EPO-List 0.28/0.26  0.28/0.26  0.32/0.30  0.49/0.47 2.36/2.28 6.3/6.6

Table 2: Results on Fast-Folding proteins. All values are shown as mean/median.

| Xob Xse Xxai  TICA-0 TICA-0,1
Reference | 0.103 0.055 0.076  0.201 0.268
MDGen | 0.130 0.093 0.109  0.230 0.316
EPO-Pair | 0.127 0.098 0.110  0.237 0.318
EPO-List | 0.125 0.093 0.107  0.226 0.311

Table 3: Jensen-Shannon divergence between ground-truth
and generated tetrapeptide distributions. Lower is better.

Experimental Settings The reference policy model, 7. ¢,
is based on MDGen checkpoints separately pretrained on the
Tetrapeptides and ATLAS datasets. For the Tetrapeptides ex-
periments, S is set to 1 and the score norm of SDE sampling
is 0.01; while for the ATLAS experiments, 3 is set to 250 and
the score norm is 0.0001. The three repeats for each ATLAS
protein are merged with equal weight and randomly sam-
pled during training. The denoising step is both set to 50,
and the learning rate is both set to le-5. We use grid search
to select the above hyperparameters, and the sensitivity anal-
ysis can be found in ablation studies. We adopt Madrax (Or-
lando et al. 2024), a differentiable empirical force field im-
plemented in PyTorch, as the physics-based energy reward.
Low-Rank Adaptation (LoRA) (Hu et al. 2022) is employed
for parameter-efficient fine-tuning of pretrained models.
Training the EPO model on the Tetrapeptides dataset re-
quires 30 hours, while the ATLAS dataset requires 72 hours.
This process utilizes four A100 40GB GPUs on a Linux
5.4.0 platform with PyTorch 1.12 and CUDA 11.3. All re-
ported metrics are from a single experimental run, a protocol
consistent with the baseline models we compare against.

Tetrapeptides

Table 3 assesses the Jensen-Shannon divergence (JSD) be-
tween the generated and ground-truth trajectories across two
sets of collective variables: (1) the individual backbone and
sidechain torsion angles (xbb, Xsc» Xain) for each tetrapeptide;
(2) the leading independent components extracted via time-
lagged independent component analysis (TICA), capturing
the slowest dynamical modes of peptides. EPO consistently
achieves superior distributional alignment with the reference
MD trajectories, closely matching the accuracy obtained by
replicate 100-ns simulations.

We further visualize the torsion angle distributions and
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EPO-List

(A) IFME (B) NuG2 (C)NTL9 (D)A3D
Figure 4: Sample distributions projected onto the first two
time-lagged independent components for four proteins from
the Fast-Folding dataset. EPO-List demonstrates improved

diversity by exploring a broader conformational landscape.

the free energy surface (FES) along the two primary TICA
components in Figure 3. The torsion angle distribution plots
clearly demonstrate that EPO-generated trajectories (blue)
closely approximate the ground-truth MD trajectories (or-
ange). Notably, the FES analysis reveals that EPO not only
induces novel metastable states absent in the pretrained
baseline (in ASRE) but also effectively corrects high-energy
biases present in the pretrained model (in KSIY). These re-
sults validate our central hypothesis: EPO’s online sampling
framework, combined with energy-based preference opti-
mization, provides an effective and reliable mechanism for
crossing critical energy barriers, thus enabling the accurate
recovery of physically realistic conformational states.

ATLAS

Next, we evaluate EPO on the 82 test proteins in ATLAS. We
report the mean and median values of the distributional met-
rics to quantify discrepancies between the generated and ref-
erence MD ensembles. For detailed definitions and descrip-
tions of the evaluation metrics, please refer to Appendix.
As shown in Table 1, EPO exhibits advantages over base-
line methods in several key distributional metrics, including
higher correlations in pairwise RMSD and per-target RMSF,
as well as lower PCA W, distances.

We attribute the modest performance gains on the ATLAS
benchmark primarily to the small score norm used in SDE
sampling for ATLAS proteins. Larger score norms caused
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Figure 5: Analysis of key components of EPO. (A) Impact of the temperature hyperparameter 3. x represents torsion angle. (B)
Effect of the number of denoising steps in SDE sampling. An insufficient number of steps causes training instability, whereas
an excessive number provides no significant improvement. (C) Torsion angle distributions for SDE vs. ODE strategies on the
SPFH sequence. The SDE-based model successfully identifies distant peaks.

| Xbb Xsc Xar  TICA-0 TICA-0,1
EPO-ODE | 0.167 0.107 0.132 0.247 0.337
EPO-SDE | 0.125 0.093 0.107 0.226 0.311

Table 4: Comparison between SDE and ODE sampling strat-
egy on tetrapeptides experiments. Lower is better.

sampling instability and structural collapse, making this ad-
justment necessary when applying SDE to longer protein
chains. However, the reduced stochastic exploration likely
limited the model’s ability to discover a more diverse and
accurate conformational ensemble, underscoring an impor-
tant direction for future research.

Fast-Folding

We further evaluate the transferability and generalization of
EPO by performing zero-shot testing on the Fast-Folding
protein benchmark. Specifically, we directly apply the
checkpoint optimized on the ATLAS dataset to generate en-
sembles without any fine-tuning or adaptation.

Table 2 summarizes the performance of EPO-generated
conformational ensembles in comparison to several estab-
lished baseline methods. We employ the evaluation metrics
introduced in ConfDiff (Wang et al. 2024), where detailed
explanations can be found in Appendix.

EPO establishes four new state-of-the-art results and
achieves second-best performance on the remaining distri-
butional metrics. Notably, comparing with closely related
baselines, i.e., Str2Str and ConfDiff, highlights the core ad-
vantages of EPO. Unlike Str2Str, EPO’s online exploration
is effectively steered by an explicit physical signal. And un-
like ConfDiff, EPO’s physical guidance is applied dynam-
ically in real-time, avoiding the constraints and biases of
training on a static, offline dataset. This synergy of online
guidance and online exploration is what allows EPO to con-
tinuously discover novel and physically favorable states.

Ablation Studies

In this section, we investigate and validate EPO’s sensitivity
to key components.
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First, we examine the temperature hyperparameter 3, crit-
ical for scaling the preference objective. As shown in Fig-
ure 5(A), setting (5 to a very small value is detrimental and
can be counterproductive. This highlights that 3’s optimal
value is context-dependent and must be carefully selected.

Next, we analyze the effect of denoising steps on SDE
sampling. Figure 5(B) shows that insufficient steps cause un-
stable training and mode collapse, as the reverse trajectory
fails to generate valid conformations. Conversely, increas-
ing the number of steps beyond a certain point yields dimin-
ishing returns; it significantly increases computational cost
without a corresponding improvement in sample quality or
model performance. This highlights the need for a balance
between stability and tractability.

Finally, we compare the exploratory power of stochastic
(SDE) versus deterministic (ODE) sampling. Figure 5(C)
presents torsion angle distributions on the SPFH sequence
for both. The SDE approach shows a significant advan-
tage, identifying distant peaks corresponding to distinct
metastable states separated by high energy barriers. In con-
trast, the ODE sampler converges to limited local minima,
failing to discover these crucial conformations. More distri-
butional visualizations can be found in the Appendix.

Conclusions and Limitations

In this work, we have presented Energy Preference Opti-
mization (EPO), an online refinement framework that aligns
pretrained protein-conformation generators with the Boltz-
mann distribution using direct physics-based feedback. By
combining an online SDE sampling strategy with a list-
wise preference optimization, EPO successfully produces
diverse and physically realistic ensembles while eliminating
the need for additional molecular dynamics simulations.
Two primary limitations motivate future research. First,
the computationally intensive online refinement loop ne-
cessitates more efficient protocols. Coarse-grained models
may reduce this cost. Second, our listwise preference objec-
tive, while empirically strong, lacks theoretical guarantees
of convergence to the Boltzmann distribution, motivating in-
vestigation into optimization frameworks with provable con-
vergence. Looking ahead, we plan to scale EPO to more ex-
pressive generative models for large proteins, and leverage
engineering technologies in recent RLHF-style frameworks.
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