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Abstract

Accurate protein structures are essential for understanding biological function, yet
incorporating experimental data into protein generative models remains a major
challenge. Most predictors of experimental observables are non-differentiable, mak-
ing them incompatible with gradient-based conditional sampling. This is especially
limiting in nuclear magnetic resonance, where rich data such as chemical shifts are
hard to directly integrate into generative modeling. We introduce a framework for
non-differentiable guidance of protein generative models, coupling a continuous
diffusion-based generator with any black-box objective via a tailored genetic algo-
rithm. We demonstrate its effectiveness across three modalities: pairwise distance
constraints, nuclear Overhauser effect restraints, and for the first time chemical
shifts. These results establish chemical shift guided structure generation as feasible,
expose key weaknesses in current predictors, and showcase a general strategy for
incorporating diverse experimental signals. Our work points toward automated,
data-conditioned protein modeling beyond the limits of differentiability.

1 Introduction

Proteins are the "backbone" of all cellular processes, serving as the structural framework, molecular
machines, and regulatory signals that sustain life. Knowing the conformations that proteins adapt – an
ensemble of three-dimensional structures – is crucial to understanding how they function and how they
interact with other proteins, as well as for designing drugs that modulate their actions. Experimental
workflows typically begin with measurements and then seek a structure that best explains the data, but
this mapping remains a major bottleneck [3, 25]. Machine learning has transformed protein modeling:
AlphaFold [15] delivers highly accurate structure predictions, while generative models such as
RFdiffusion [35] enable controllable design, and Boltz [30] learns thermodynamically plausible
distributions to sample alternative states. BioEmu [19] further captures near-equilibrium variability
from molecular dynamics (MD) simulations. Yet none of these models are designed to directly
condition structure generation on experimental measurements, forcing practitioners to resort to
expensive MD refinement to generate states consistent with data.

A common strategy for protein-data conditioned modeling is to guide generative diffusion models
using differentiable forward models [23, 24, 7]. Although mature, well-validated predictors exist for
many experimental observables, most are non-differentiable and therefore cannot be used directly for
gradient-based guidance. Consequently, current approaches must either approximate these predictors
with differentiable surrogates or restrict themselves to modalities with analytic gradients. While
effective when such models exist, this approach has several drawbacks: (i) it requires differentiable
models for every observable, (ii) gradients are often noisy or ill-conditioned, leading to unstable
convergence, (iii) guidance strength must be tuned under a fixed diffusion schedule, and (iv) the
process is prone to overfitting to noise and producing off-manifold or broken structures that must be
discarded or relaxed. These limitations call for alternative guidance methods that remain robust in the
presence of non-differentiable predictors and experimental noise.
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Our contributions. We introduce a general framework for data-conditioned protein generative mod-
eling that overcomes the limitations of gradient-based approaches by performing non-differentiable
guidance. Speci�cally:

1. General non-differentiable guidance: We introduce a method to couple a continuous protein
structure generator with any black-box scoring function, guiding the generator's outputs using
a tailored genetic algorithm. This allows seamless integration of mature but non-differentiable
experimental predictors.

2. Application to nuclear magnetic resonance (NMR): We demonstrate the framework on several
experimental and synthetic constraints. For pairwise distances and nuclear Overhauser effects
(NOEs), our approach yields strong improvements. For chemical shifts, we provide the �rst
proof-of-concept demonstration of direct generative guidance, a long-standing goal in NMR
structural biology.

Focus on NMR. In this work, we focus on NMR spectroscopy, which reports on local structure and
dynamics and remains a key tool for protein characterization [16]. Chemical shifts are the most
widely measured and information-rich NMR observables, yet predictors such as UCBShift [20, 31]
and SHIFTX2 [9] are non-differentiable, making them incompatible with gradient-based guidance.

Figure 1: Overview of method. Latents are per-
turbed and decoded with BioEmu, scored by exper-
imental data, and evolved with a genetic algorithm.

Integrating chemical shifts into structure gener-
ation has long been sought in NMR structural
biology but has been infeasible due to this dif-
ferentiability barrier. As chemical shift predic-
tion improves, our framework could dramati-
cally accelerate or even automate peak assign-
ment—one of the most time-consuming bottle-
necks in NMR, often requiring days or weeks
on high-performance computing resources. Ad-
ditional background is provided in Appendix B.

2 Methodology

We optimize a generator's latent variables to
maximize agreement with experimental data un-
der a black-box score function (Fig. 1). Let
x 2 X be a protein structure decoded from a
latent z 2 Z , and letS : X ! R denote a
score derived from experimental observables (e.g., NOEs, chemical shifts). Our goal is to �nd
x? = arg max x2X S(x); wherex = G(z T ; 0) is obtained by samplingzT � N (0; I) at diffusion
time T and denoising tot = 0 with the generatorG. SinceS is typically non-differentiable, we
employ a protein-speci�c genetic algorithm (GA) to search candidate structures, presented in Alg. 1.

Generator. We use BioEmu [19] as a structural prior. BioEmu is a lightweight diffusion model,
trained to produce thermodynamically consistent protein structures. Each structure is represented by
a residue-wise latentz 2 RN�d , with N residues and per-residue dimensiond, enabling localized
perturbations. We further adapt its stochastic SDE sampler to a deterministic probability �ow ODE,
making G(zT ; t) reproducible and enabling controlled, repeatable perturbations.

Genetic algorithm for structure optimization. Our GA [13, 8, 6] maintains a population of protein
structures and is designed to keep changes localized while departing from vanilla GAs by: (1)
disabling crossover, which would induce destabilizing global jumps; (2) applying residue-wise
perturbations in the generator's latent space; and (3) introducing a perturbation time scheduler that
anneals from global to local moves.

Residue-wise perturbation: Our perturbation strategy is designed to keep changes localized, pre-
serving stability while still enabling controlled exploration. Given a diffusion timet, each parent
x (i) is mapped to its intermediate latentz(i)

t = G �1 (x (i) ; t) by running the generator backward, so
that forwardingz(i)

t to t=0 exactly reconstructsx (i) . At the samet, a stochastic resamplêz(i)
t is

drawn from the reverse SDE, which forwards to a different but distributionally consistent structure.
Next, a residue indexa � Uniform(f1; : : : ; Ng) is selected, and the corresponding row ofz(i)

t is
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Figure 2: Pairwise distance guidance of 4OLE. Alternative conformations of residues60 � 68
were guided from conformation B (blue) toward conformation A (red) usingC� pairwise distance
restraints. Without guidance, BioEmu produces structures resembling conformation B, whereas
guidance enables recovery of the helical conformation A.

replaced witĥz(i)
t [a], yielding a perturbed latentz(i;pert)

t . Forwardingz(i;pert)
t to t=0 then produces

the perturbed child structure x(i;child) = G(z (i;pert)
t ; 0).

Perturbation time scheduler: The perturbation timetk decreases linearly across generations,
tk = t max � k

K (t max � t min ); enabling broad exploration at early steps and �ne re�nement later.
This annealing schedule prevents the plateauing observed with a �xedt, and is directly analogous to
annealing molecular dynamics, where the temperature is gradually lowered to transition from broad
exploration to local re�nement. We provide a more detailed discussion of the scheduler and its impact
in Appendix E.

Algorithm 1: Genetic guidance for protein structures
Input: scorerS; generatorG; total generationsK ;

tmin ; tmax

fz (i)
T gP

i=1 � N (0; I)
for k = 0 : : : K do

// (1) Scoring

s(i)  S(G(z (i)
T ; 0))

// (2) Selection
Retain elites; sample parents via tournament
// (3) Controlled perturbation
tk  t max � k

K (t max � t min )
for each selected parent x(i) do

z(i)
t k

 G �1 (x (i) ; tk )

ẑ(i)
t k

 SDE �1 (x (i) ; tk )
a � Uniform(f1; : : : ; Ng)

z(i)
t k

[a]  ẑ (i)
t k

[a]

x (i;child)  G(z (i)
t k

; 0)

// (4) Population update
Next generation  elites + children

This population-based search maintains
diversity, avoids greedy local updates that
can lead to poor minima, and is not tied
to a �xed diffusion schedule, allowing it-
erative re�nement until convergence. Ad-
ditional implementation details are pro-
vided in Appendix A and F.

3 Results

Experimental setup. Our experiments
test whether genetic guidance can recover
accurate folds in proteins where state-
of-the-art generators, including BioEmu
and AlphaFold3 (AF3), yield erroneous
or partially misfolded structures. We fo-
cus on challenging cases with available
NMR data, where both methods struggle
to reproduce the correct fold. In all exper-
iments, the search was initialized from an
AF3 prediction, unless stated otherwise.
This setting provides a stringent test: suc-
cess requires not only generating physically plausible structures, but also satisfying experimental
constraints that reveal limitations of current predictors. We begin with a toy example using pairwise
distance restraints, then proceed to experiments with NOE-derived restraints, and �nally evaluate
chemical shift scoring. Complete implementation details are provided in Appendix F, with additional
results in Appendix D.

Pairwise distance guidance As a toy experiment, in preparation for NOE-based restraints, we
derived pairwise distance restraints from conformation A of 4OLE, usingC� –C� distances of at
most 5 Å to mimic NOE-derived contacts, with anL 1 loss on these distances. This protein exhibits
signi�cant alternative conformations in residues 60–68: conformation A contains a helical segment,
while conformation B forms a strand. Starting from the conformation B PDB, we guided the system

3




	Introduction
	Methodology
	Results
	Related Work
	Discussion
	Extended Background
	BioEmu Training and Sampling
	DPM-Solver for Fast Sampling


	Biological Background
	Extended Related Work
	Extended experiments
	Mean vs. best metric
	Pairwise distances experiments
	NOE experiments
	NOE cumulative violation distributions

	Chemical shift experiments

	Plateau in Metric Graphs
	Technical details
	Score models
	Pairwise distance model
	NOE restraint model
	Chemical shift model (UCBShift)

	Evaluation metric
	Pairwise distances
	NOE restraints
	Chemical shift

	Data curation
	Pairwise distances
	NOE restraints
	Chemical shifts

	Runtime analysis
	Hyperparameters


