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Abstract

Self-consistency is the standard metric for evalu-
ating structural plausibility in protein generative
models: a generated sequence–structure pair is ac-
cepted if an independent folding model refolds the
sequence to the generated structure within a fixed
RMSD threshold. However, self-consistency re-
jects 44% of native sequence–structure pairs, a
gap previously overlooked as a folding model lim-
itation. In this paper, we connect self-consistency
to the biophysical ideal of structural plausibility–
sufficiently low free energy in that protein’s equi-
librium ensemble–which makes two failure modes
visible: flexibility failures, where a broad ensem-
ble cannot be summarized by a single refold, and
folder failures. We use ATLAS molecular dy-
namics trajectories to empirically analyze native
structure rejections under this lens, and find that
both failure modes are enriched among flexible
proteins. We propose ensemble self-consistency
using conformational ensemble predictors, im-
proving native protein recall across the flexibil-
ity spectrum and rescuing co-design generations
previously rejected, without compromising speci-
ficity on a Rosetta decoy dataset. Since flexibility
is often central to protein function, a metric that
penalizes it misdirects generative model develop-
ment; ensemble self-consistency offers a more
faithful framework, and our formalization and
diagnostics let it evolve as structure prediction
models improve.

1. Introduction
Protein structure generative models (Watson et al., 2023;
Geffner et al., 2025a; Lin et al., 2024; Zambaldi et al.,
2024) are transforming protein design, generating nanomo-
lar binders to viral proteins (Didi et al., 2026b) and small
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molecules (Stark et al., 2025). Quality evaluation of gener-
ated protein structures is crucial to guide the development
of generative models and to select the structures for costly
experimental verification. Yet assessing the plausibility of
protein tertiary structure is nontrivial. Standard physical
validity metrics (Chen et al., 2010) are largely local; a gener-
ative model can easily satisfy the bond geometry and avoid
steric clashes while still producing unrealistic folds.

To assess global plausibility, the field has converged on the
self-consistency pipeline (Yim et al., 2023). The premise
is that folding models have learned the manifold of plau-
sible folds, so an implausible tertiary structure should not
be reproduced from its sequence. In this pipeline, given an
all-atom structure (which implies a sequence), an indepen-
dent folding model–commonly ESMFold (Lin et al., 2023)–
predicts a structure from the sequence, and the structure is
accepted if the two agree within a fixed RMSD threshold,
typically 2Å (Yim et al., 2023). Self-consistency is now a
headline metric in protein co-design (Geffner et al., 2025a;
Rector-Brooks et al., 2026) and is often used as an early
filter before experimental validation (Didi et al., 2026a).

Despite its central role, the self-consistency pipeline has
received little systematic scrutiny. In our PDB subset of
1,520 native protein structures, 44% fail the standard self-
consistency test, even though such structures should be
accepted by any reasonable plausibility metric. Similar
native failure rates have also been noted in Lu et al. (2025),
but the underlying failure modes still remain unclear. In
this work, we ask a more nuanced, fundamental question:
when self-consistency rejects a real protein, what exactly
has failed?

Answering this requires first specifying what self-
consistency is meant to approximate. We first formalize
structural plausibility as membership in the high probability
region of a protein’s equilibrium ensemble. Canonical self-
consistency, then, can be viewed as a proxy that replaces
ensemble membership with proximity to a single predicted
structure. This formalization makes two failure modes of
native rejection visible. A flexibility failure arises when the
equilibrium ensemble is broad, so a plausible conforma-
tion need not match a single refolded conformation within
2Å. A folder failure arises when the folding model’s predic-
tion is itself a poor surrogate for the sequence-conditioned
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ensemble. Empirically, using the ATLAS database (Van-
der Meersche et al., 2024), we decompose native protein
failures into these two modes and find that both are en-
riched among flexible proteins. The self-consistency false
negatives are not random: they concentrate on flexibility,
the core property of protein biology that underlies allostery,
catalysis, and binding.

To address this bias, we propose ensemble self-consistency,
which replaces comparison to a single deterministic re-
fold with comparison to a sampled conformation ensemble.
This better approximates the ideal acceptance criterion of
whether a structure lies within the sequence-conditioned
plausible ensemble. Empirically, flexibility failures are
nearly eliminated by moderate sample sizes (N ≥ 16), and
replacing deterministic ESMFold self-consistency with Sim-
pleFold ensemble self-consistency significantly improves
native-protein recall, while preserving high specificity on a
hard Rosetta decoy benchmark (Park et al., 2016). Finally,
we re-evaluate published co-design models and show that
ensemble self-consistency rescues flexible generations that
canonical self-consistency rejects.

Our contributions are threefold: (i) A formal account of
self-consistency as an approximation to an ideal structural
plausibility, and use this to decompose native failures into
flexibility and folder modes, (ii) Empirically characterize
these two failure modes on native proteins and show that
both increase with conformational flexibility, (iii) Ensemble
self-consistency, a drop-in replacement that nearly elimi-
nates flexibility failures at moderate sample sizes (N ≥ 16).

2. Related works
Local physical validity metrics. Protein structure quality
has long been assessed with local physical and stereochemi-
cal criteria, including bond geometry, Ramachandran out-
liers, steric clashes (Chen et al., 2010; Adams et al., 2010).
These metrics are essential for refining and ranking exper-
imental structure characterizations, where the global fold
is established but local details may be uncertain; however,
they do not assess whether the global fold is plausible.

Self-consistency and (co-)designability. The standard per-
sample evaluation metric for protein generative models is
self-consistency. Paired with folding-model confidence, it is
termed co-designability. ESMFold (Lin et al., 2023) is the
most commonly used folding model, while DISCO (Rector-
Brooks et al., 2026) uses Chai-1 (team et al., 2024) to in-
corporate ligand input for enzyme design. Crucially, fold-
ing models must not require multiple sequence alignments
(MSAs) as input, because de novo sequences generally lack
meaningful MSAs. This rules out direct use of structure or
ensemble predictors that require MSAs for strong perfor-
mance, such as AlphaFold2/3 (Jumper et al., 2021; Abram-

son et al., 2024) and BioEmu (Lewis et al., 2025). When
evaluating the models that only generate protein backbones,
sequences are first designed with an inverse folding model
such as ProteinMPNN (Dauparas et al., 2022), and the met-
ric is termed designability. We discuss the implications
of ProteinMPNN redesign in Section 6, but our evaluation
scope is the self-consistency component of co-designability
in sequence-structure co-design models.

Distributional metrics for generated protein sets. Evalu-
ation of protein generative models has largely focused on
distributional metrics (Geffner et al., 2025b; Faltings et al.,
2026; Lu et al., 2025), which compare generated set to refer-
ence set of native proteins. These metrics are motivated by
the observation that even highly (co-)designable models can
exhibit limited fold-level or secondary-structure diversity
(Lin et al., 2024), such as overproducing helical bundles.
Distributional metrics are important but orthogonal to our
work. Because distributional metrics are often computed
after self-consistency filtering, biases in the per-sample filter
will propagate to distributional metrics (Sec. 5.3).

Self-consistency failures in PDB and AFDB Prior work
has noted that self-consistency is imperfect and that op-
timizing for it can distort generated protein distributions,
especially secondary structure and tertiary motifs compo-
sition (Lu et al., 2025). We show that the problem is more
fundamental; Two sets of proteins can closely match the
distribution of secondary structure composition while hav-
ing completely different flexibility (Sec. 4.2). Distortion in
secondary structure is one possible artifact of optimizing for
self-consistency, but it does not explain the flexibility bias
we focus on in this work. (Reidenbach et al., 2025) report
that only 26% of the AlphaFold database (AFDB) is co-
designable, and attributes this to a mismatch between native
sequences and synthetic structures, motivating consistency-
distilled datasets built through ProteinMPNN sequence de-
sign and refolding. We show self-consistency failures persist
even for native structures paired with their native sequences.
Thus, the bias is not a property of the synthetic dataset; it
is built into the metric itself. Constructing metric-distilled
datasets can only reinforce it.

3. Formalizing self-consistency
In this section, we first specify what an ideal ensemble-level
model and metric would mean, and how this relates to the
self-consistency test. Building on this perspective, we then
formally characterize the self-consistency test’s two failure
modes.

Ideal ensemble-level criterion. For a sequence x, let ρx
denote the equilibrium density over structural coordinates
z that the sequence can adopt. After marginalizing over
unmodeled degrees of freedom, such as solvent, ligands,
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Figure 1. (a) Flexibility-binned native protein recall of ESMFold on ATLAS database. (b) Example of flexibility failure, where
ESMFold prediction is close to a plausible conformation produced by MD but is far from the native structure. (c) Example of folder
failure, where MD ensemble is tight but ESMFold prediction (optimally aligned to native structure) is incorrect.

and binding partners, this structural ensemble can be written
in Boltzmann form: ρx(z) ∝ exp(−ux(z)), where ux(z)
is a (dimensionless) free energy.

This ensemble is the biophysical object that an ideal design
model would desire to match. Thus, an ideal design model
would not merely output a single structure for a given se-
quence x, but instead output a distribution over structures,
which we denote by ρ̂x. The ideal ensemble-level crite-
rion is that this designed ensemble be close to the true
equilibrium ensemble. For example, using the forward KL
divergence, we desire DKL(ρ̂x, ρx) < ε, or equivalently,

Ez′∼ρ̂x [− log ρx(z
′)] = DKL(ρ̂x, ρx) +H(ρ̂x)

< ε+H(ρ̂x). (1)

where H(ρ̂x) is the entropy of the designed ensemble. Small
DKL implies that structures sampled from the designed
ensemble have high probability under the true sequence-
conditioned equilibrium ensemble.

Single-structure generations. For models that generate a
single structure, we can view the generated ensemble ρ̂x
as coarse-grained point mass distribution at z. Under this
limit, (1) reduces to

− log ρx(z) = Ez′∼ρ̂x [− log ρx(z
′)] < ε+H(ρ̂x).

Therefore, after absorbing the constant and the tolerance, an
ideal plausibility criterion for a single generated structure
becomes − log ρx(z) < γ for some γ > 0.

Canonical self-consistency as an approximation. In prac-
tice, as ρx is unknown, the self-consistency test replaces this
equilibrium ensemble with a deterministic folding-model
prediction, such as ESMFold, namely f̂θ(·). The stan-
dard self-consistency test accepts a generated pair (x, z)

if d(z, f̂θ(x)) < τ , where d denotes root mean square de-
viation (RMSD). In other words, self-consistency uses a
geometric comparison as a proxy for the ideal probability-

based criterion:

− log ρx(z) < γ ⇒ d(z, f̂θ(x)) < τ, τ = 2 Å.

Two failure modes. This approximation suffers from an
apparent false rejection: a given pair (x, z) is acceptable
under the point-to-ensemble criterion (blue), but rejected
by empirical self-consistency (green) i.e, − log ρx(z) < γ

but d(z, f̂θ(x)) ≥ τ . We identify the source of such false
rejections through two scenarios.

• Flexibility failure: Both the evaluated structure and the
folder prediction are plausible conformations, yet they are
separated by more than the RMSD threshold:

− log ρx(z) < γ, − log ρx(f̂θ(x)) < γ, d(z, f̂θ(x)) ≥ τ.

The rejection is caused by the collapse of a broad or mul-
timodal ensemble to a single structural representative.

• Folder failure: The evaluated structure is plausible under
the sequence-conditioned ensemble, but the deterministic
folder prediction is not:

− log ρx(z) < γ, − log ρx(f̂θ(x)) ≥ γ, d(z, f̂θ(x)) ≥ τ.

In this case, the refolded structure lies in a low-probability
region of the sequence-conditioned ensemble. The rejec-
tion, therefore, reflects an error in the folding surrogate.

4. Two failure modes of self-consistency
In Sec. 3, we defined two failure modes of canonical
self-consistency in terms of the unobserved sequence-
conditioned equilibrium ensemble ρx. In this section, we
examine how these failures appear in native proteins. Native
proteins provide a positive-control setting, for which the
deposited experimental structure should be accepted by a
plausibility metric. Therefore, a rejection of this pair is a
false negative of the evaluation pipeline.
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Our goal in this section is to turn the formal definitions from
Sec. 3 into empirical labels. We use short-time molecular dy-
namics (MD) frames as a finite empirical approximation to
the sufficiently low-energy basin of each sequence, allowing
us to distinguish flexibility failures from folder failures.

4.1. Empirically labeling failure modes in ATLAS

We use the ATLAS database (Vander Meersche et al., 2024),
a large collection of all-atom MD trajectories initialized
from experimentally characterized protein structures. Each
ATLAS protein is simulated for three independent 100ns
replicates. For each native sequence x, let Zx = {zjx}
denote the set of MD frames, and let z0x denote the deposited
experimental structure used to initialize the simulations, that
is, − log ρx(z

0
x) < γ presumably holds.

At the dataset level, ATLAS is not enriched for flexible pro-
teins. Its filtering is based on structure quality, completeness,
and fold-level diversity, yielding a broad and relatively non-
redundant sample of characterized protein space. Therefore,
we treat ATLAS as a representative set of the structurally
characterized protein space.

At the protein level, the finite MD frames can serve as
an empirical proxy of the high-probability region of the
ensemble, which we instantiate as follows.

− log ρx(f̂θ(x)) < γ ⇒ min
z∈Zx

d(z, f̂θ(x)) < τMD.

This empirical approximation is plausible: ATLAS trajecto-
ries are short, intended to estimate the flexibility profile of
proteins in solution, not to exhaustively sample rare events,
unfolding, or large conformational rearrangements. Thus,
ATLAS provides a useful basis to study plausible conforma-
tions. (See App. F for the caveats.)

In this regard, two failure modes reduce to:

Canonical success: d(z0x, f̂θ(x)) < τ,

Flexibility failure: d(z0x, f̂θ(x)) ≥ τ and

min
z∈Zx

d(z, f̂θ(x)) < τMD

Folder failure: d(z0x, f̂θ(x)) ≥ τ and

min
z∈Zx

d(z, f̂θ(x)) ≥ τMD.

where d denotes RMSD and τMD = τ = 2Å.

We quantify the flexibility of each protein by the mean
RMSD from the initial structure z0x to the MD frames, de-
noted ∆mean(x). This quantity often exceeds 2Å (App. B),
already showing the caveat of using a fixed distance cutoff
regardless of the varying flexibility of proteins. We then
bin ATLAS proteins by ∆mean(x) and report the fraction
of each success/failure class within each bin. As shown
in Fig. 1a, the failure ratio of canonical self-consistency

Table 1. Distributional distances and structural diversity for AT-
LAS subsets median-split along each axis. Rg denotes radius of
gyration.

Axis FPD MMD2 Diversity (%)

α-helix % 115.56 0.3206 72.6% / 77.8%
β-strand % 105.93 0.2984 75.2% / 78.4%
coil % 64.94 0.1620 74.5% / 81.3%
length 79.93 0.1916 73.0% / 71.1%
Rg 25.19 0.1074 72.1% / 72.7%
∆mean 10.30 0.0047 79.4% / 79.4%
random 1.79 0.00 86.4% / 85.2%

0 25
PC1

−20

−10

0

10

PC
2

low α-helix % (n=437)
high α-helix % (n=470)

0 25
PC1

PC
2

low Δmean(x) (n=453)
high Δmean(x) (n=454)

Figure 2. PCA of ESM3 embeddings for median splits by helix
content and by ∆mean.

decreases sharply with increasing flexibility. Flexibility
failures begin to appear once ∆mean(x) > 1.5Å and in-
crease with protein flexibility, as expected. More impor-
tantly, folder failures also increase with flexibility, indicat-
ing that flexible proteins are harder for the folding surrogate
to predict.

We refer to this binned decomposition as flexibility-binned
native protein recall, and use it as the diagnostic throughout
the rest of the paper.

4.2. Distributional metrics can miss flexibility collapse

The failure-mode analysis shows that self-consistency penal-
izes proteins along the flexibility axis. A generative model
optimized for self-consistency can therefore improve its
score by avoiding flexible proteins. A natural question is
whether existing distributional metrics would detect this
collapse.

We partition the self-consistent ATLAS subset into two
equally sized groups using the median ∆mean, and then
compute distributional metrics between the two groups to
test whether these metrics detect a large difference in flex-
ibility. Because the scale of distributional metrics is often
difficult to interpret, we contextualize this split by compar-
ing it to analogous median splits along other axes: secondary
structure composition (α-helix, β-strand, and coil fraction),
sequence length, radius of gyration, and a random control
split. For each split, we compare the resulting protein sets
using standard distributional statistics from the protein de-
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Figure 3. Distribution of secondary structure composition and radius of gyration for the low- and high-∆mean splits.

Canonical self-consistency Ensemble self-consistency
Folder failure Flexibility failure Folder failure Flexibility failure

True
ρx

What folder
thinks

γ

<2 Å

γ γ γ

Figure 4. Canonical vs. ensemble self-consistency under the two failure modes. Above denotes the true sequence-conditioned ensemble
ρx; circles of radius ε around each folder prediction show the 2 Å acceptance neighborhood. Canonical (left): a single deterministic
prediction either lands above the energy cutoff γ (folder failure) or covers only part of a broad basin below γ (flexibility failure). Ensemble
(right): the folder produces a distribution; an acceptance neighborhood is taken around each sample, providing coverage of multiple
modes and rescuing both failure types.

sign literature, including structural diversity and Fréchet
Protein Distance (FPD) (Lu et al., 2025).

Structural diversity is computed as the percentage of dis-
tinct structural clusters under a TM-score cutoff of 0.5, using
FoldSeek (van Kempen et al., 2022); we report the diversity
of each side of the split. FPD measures the distance between
two protein sets as the Fréchet distance between Gaussian
fits in ESM3 (Hayes et al., 2025) embedding space, follow-
ing Lu et al. (2025). Because our sample size is modest
and Fréchet distance can be unstable in this regime, we
also report maximum mean discrepancy (MMD) (Gretton
et al., 2012), a kernel two-sample statistic that compares
distributions without assuming Gaussianity.

Table 1 shows that the split by ∆mean produces much
smaller distances than the split by other properties. Di-
versity is also always similar in two sets; Protein sets can
exhibit fold-level diversity while suppressing one of the
property axes. Figure 2 is consistent with this result: ESM3
embeddings separate proteins split by helix content much
more clearly than proteins split by flexibility. Protein gener-
ative models already exhibit high FPD to PDB, often in the
range of 20-200 (Lu et al., 2025), largely due to distortions
in secondary structure composition. In the presence of such
dominant distortions, flexibility collapse may be difficult to
detect with current distributional metrics. We further com-
pare secondary structure composition and radius of gyration

between the low- and high-flexibility sets in Fig. 3. The two
sets are nearly indistinguishable under helix fraction, strand
fraction, and coil fraction, and the radius of gyration differs
only marginally.

If a generator systematically loses flexible proteins by opti-
mizing for self-consistency, standard distributional metrics
may not flag the failure. These results motivate the need
for a better self-consistency criterion that does not penalize
flexibility, as well as a method for estimating the flexibility
of generated proteins.

5. Ensemble self-consistency
The flexibility failure analysis in Sec. 4 suggests that the de-
terministic structure estimate of canonical self-consistency
is restrictive by construction: a single point cannot repre-
sent a basin whose plausible conformations span more than
τ = 2 Å. In light of this, we consider an ensemble-aware
version of self-consistency (Fig. 4). Concretely, an ensemble
conformation predictor θ produces a distribution z ∼ ρ̂x,θ.
Given N predicted samples ẑ1 . . . , ẑN ∼ ρ̂x,θ, we define
ensemble self-consistency as mini d(z, ẑi) < τ , i.e., en-
semble self-consistency examines whether z is close to at
least one sample from the predicted conformation ensemble.

In the limit as N → ∞, ensemble self-consistency miti-
gates the flexibility failure mode. Intuitively, if ρ̂x,θ assigns

5
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Figure 5. (a) Failure-mode decomposition for canonical ESMFold and ensemble self-consistency using ESMDiff and SimpleFold. (b)
Effect of SimpleFold ensemble size on canonical success and failure modes in the full ATLAS set.

sufficient probability mass to regions that are high probable
under ρx, then eventually at least one sampled structure will
fall in such a region, regardless of how broad or multi-modal
the plausible set is.

At finite N , ensemble self-consistency can still fail even
when the predicted samples are individually plausible: the
predicted ensemble may sample from the correct conforma-
tion, yet the finite sample may not include a conformation
close to the particular evaluated structure. Therefore, we ex-
tend the diagnosis from Sec. 4 to distinguish finite-sampling
flexibility failures and folder failures.

We recall the notation from Sec. 4, including Zx = {zjx}
and z0x. For an ensemble predictor with samples ẑ1, . . . , ẑN ,
we recast two failure mode as:

Ensemble success:
min
i

d(z0x, ẑi) < τ

Finite-sample flexibility failure:
min
i

d(z0x, ẑi) ≥ τ and ∀i, min
z′∈Zx

d(z′, ẑi) < τMD,

Folder failure:
min
i

d(z0x, ẑi) ≥ τ and ∃i, min
z′∈Zx

d(z′, ẑi) ≥ τMD.

The above definition follows our intuition. In finite-sample
flexibility failure, the predictor is sampling within the MD-
sampled plausible basin, but the finite sample set does not
cover the particular reference conformation. In folder fail-
ure, the predicted distribution assigns mass to conformations
that are not supported by the MD ensemble. Note that this
decomposition falls into that in Sec. 4.1 when N = 1.

5.1. Gains in flexibility-binned native protein recall

In this section, using our definition of ensemble self-
consistency, we examine where current MSA-free ensemble

models stand in native protein recall. We evaluate two rep-
resentative MSA-free conformation ensemble predictors,
ESMDiff (Lu et al., 2024) and SimpleFold (Wang et al.,
2025). For each ATLAS sequence x, we draw N = 32
samples from each ensemble predictor and evaluate ensem-
ble self-consistency against the deposited native structure
z0x. We then apply the failure mode decomposition defined
above within flexibility bins of ∆mean(x) used in Sec. 4.

As shown in Figure 5a, increasing the ensemble size to
N = 32 with either ESMDiff or SimpleFold nearly elim-
inates the flexibility failures observed under the N = 1
criterion. This is the failure mode ensemble self-consistency
is designed to address, and the decomposition makes clear
that an ensemble is what resolves them. In Fig. 5b, Simple-
Fold’s flexibility failures are nearly eliminated by N = 16,
implying that a moderate number of samples is usually suf-
ficient to cover the plausible basin of a protein.

A substantial fraction of targets still exhibit folder failure.
More samples increase the chance that at least one prediction
lands near the native structure (see Fig. 4 for illustration),
but this only helps when the folding model assigns non-
negligible probability mass to the correct plausible basin.
When the model’s predicted landscape is biased, additional
samples provide limited benefit, so folder failure decays
only slowly with N .

SimpleFold is the strongest current choice, outperforming
both ESMFold and ESMDiff even at N = 1. Increasing
the SimpleFold ensemble to N = 16 further raises over-
all recall from 74% to 82%, and recall in the most flexi-
ble bin from 50% to 65%. We therefore use SimpleFold
N = 16 for the remaining analyses, while emphasizing
that the choice should be revisited as ensemble predictors
improve–flexibility-binned native protein recall provides the
diagnostic for that comparison.
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Table 2. Self-consistency and structural diversity of co-design
models under canonical (N=1) versus ensemble (N=16) using
SimpleFold. SC-N : percentage of generations accepted by SF-N .
Div-N : structural diversity. LP=La-Proteina.

Model SC-1 SC-16 Div-1 Div-16

DISCO 41.4% 66.4% 13.8% 18.0%
LP (η = 0.1) 30.6% 47.8% 17.2% 27.6%
LP (η = 0.2) 26.8% 45.0% 8.0% 10.4%
LP (η = 0.3) 22.4% 35.6% 8.4% 9.8%
LP (η = 0.4) 15.6% 25.4% 7.0% 8.8%
RFdiffusion3 14.6% 23.4% 5.4% 6.2%
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RFDiffusion3
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0 2 4
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SimpleFold RMSF (Å)

Figure 6. Distribution of SimpleFold RMSF of ATLAS and gener-
ated (Gen) self-consistent subset under SF-16 and -1. Dotted lines
denote median.

5.2. Predicted ensembles as a flexibility proxy

The ideal distributional metric for detecting flexibility col-
lapse would compare the flexibility distribution of generated
proteins to that of native proteins. Since even short-time MD
simulation is costly, we ask whether SimpleFold ensembles
can predict flexibility computed via MD. For each protein,
we compute the mean per-residue root mean square fluctua-
tion (RMSF), which is the standard deviation of Cα position
around its mean across an ensemble, from the N = 16 Sim-
pleFold samples, and compare it to the RMSF computed
over the ATLAS trajectory. We find a moderate correla-
tion (Pearson r = 0.431, Spearman ρ = 0.550, though
Fig. 10 shows the absolute scale is compressed), letting
us use SimpleFold-derived RMSF as a proxy for detecting
protein flexibility collapse in the analyses that follow.

5.3. Re-evaluating co-design models using ensemble
self-consistency

We re-evaluate three co-design models: DISCO (Rector-
Brooks et al., 2026), La-Proteina (Geffner et al., 2025a)
at four noise scales η ∈ {0.1, 0.2, 0.3, 0.4}, and RFdiffu-
sion3 (Watson et al., 2023) under ensemble self-consistency
with SimpleFold. For each model, we generate 100 sam-
ples at each of five lengths {100, 200, 300, 400, 500}, for

a total of 500 generations per model, and report percent-
age of self-consistent samples and structural diversity un-
der two settings: SF-1, canonical self-consistency using a
single SimpleFold prediction, and SF-16, ensemble self-
consistency over N = 16 SimpleFold samples. Table 2
shows all six model variants gain both self-consistency and
structural diversity under SF-16 relative to SF-1.

Self-consistent generations under SF-16 span a broader
RMSF range than those under SF-1, and their median RMSF
is closer to that of the self-consistent ATLAS subset (Fig. 6).
However, a gap remains even under SF-16. This is partly
because both DISCO and La-Proteina were evaluated us-
ing sampling settings chosen to maximize co-designability,
which already enriches the sampled distribution for less
flexible proteins. Raising La-Proteina’s noise scale does in-
crease median RMSF, but at a steep cost to self-consistency
and structural diversity (Table 2). The same limitation we
observed for native proteins appears here: flexible proteins
are harder to predict, and harder to generate.

Figure 7a shows SimpleFold predicting diverse C-terminal
loop conformations for a La-Proteina-generated sequence,
with one refold matching the generated loop at RMSD =
1.7Å. In Figure 7b, the 16 SimpleFold refold predictions
form two clusters (13 and 3 members), separated by a hinge
motion in loop 3 that ultimately reorients helix 4; one of
these clusters closely matches the La-Proteina generation
(RMSD=0.9Å). This example illustrates that modeling con-
formational heterogeneity can have effects beyond local fluc-
tuations: flexibility in loops connecting secondary structure
elements can drive larger-scale motions that easily exceed a
global 2Å RMSD cutoff.

5.4. Ensemble self-consistency preserves high specificity
in Rosetta decoy dataset

A natural concern with ensemble self-consistency is that
taking a minimum of N predictions could make the crite-
rion too permissive, leading to false positives. We test this
using hard negative samples derived from the Rosetta de-
coy set (Park et al., 2016). These decoys are non-native or
near-native alternative conformations generated for proteins
with known native structures via local fragment perturba-
tions. Thus, they are much more challenging negatives than
randomly mismatched sequence-structure pairs. To avoid
labeling plausible alternative conformations as negatives,
we intersect this set with ATLAS MD trajectories and retain
only decoys that are at least 2Å away from every MD frame
of the corresponding protein. This yields 935 decoys across
10 targets (App. E).

On this specificity test, ensemble self-consistency pro-
duces only a single additional false positive out of 935:
SimpleFold-32 accepts 2 decoys, SimpleFold-1 accepts 1.
The min-of-32 RMSD is also only 0.1-0.3Å lower than the
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Loop 3
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SimpleFold 

(other)

Figure 7. Example La-Proteina generations rescued by ensemble self-consistency. (a) Structural ensemble of 16 SimpleFold refold
predictions (gray) for a La-Proteina–generated structure (green), highlighting variability in the C-terminal loop. The closest SimpleFold
member (pink) aligns with the La-Proteina at RMSD = 1.7Å. (b) Two SimpleFold refold predictions, one from each of two clusters,
distinguished by a hinge motion in loop 3 that reorients helix 4. The smaller cluster representative (pink) matches the La-Proteina
conformation (green) at RMSD = 0.9Å.
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Figure 8. Canonical self-consistency on ATLAS proteins, comparing native sequences against ProteinMPNN redesigns. (a) Acceptance
rate per flexibility bin. For MPNN mean-of-8, bars show the mean and error bars the bootstrapped success rate over 100 trials, each
sampling a different MPNN redesign per protein. (b) Per-protein RMSD difference d(z0, f̂(x̃i))− d(z0, f̂(x)).

single sample RMSD (Fig. 11), suggesting that the Simple-
Fold ensembles remain tight for these rigid targets. Thus,
ensemble self-consistency improves native protein recall
while preserving specificity, even on a hard negative set of
near-native decoys.

6. ProteinMPNN redesign is not a remedy
The folder failure of Sec. 3 is sequence-specific: for the
same plausible structure, some sequences are easy for the
folder and some are not. We test this directly using Protein-
MPNN redesign. For each ATLAS protein x with deposited
structure z0x, we generate N = 8 MPNN-redesigned se-
quences x̃1, . . . , x̃8 ∼ ProteinMPNN(· | z0x) and refold
each with ESMFold.

Fig. 8a shows that MPNN redesigns yield only a marginal
increase in canonical self-consistency overall, and the im-
provement is concentrated on rigid proteins; in the most
flexible bin canonical success rate falls from 16% to 8%.
Fig. 8b shows that even where aggregate acceptance rates
are similar, the per-protein RMSD differences are large,
with a spread that widens with flexibility.

A natural response is that one could let generative models
output (x, z) pairs but replace x with an MPNN redesign x̃
which agrees most with z, for both evaluation and for down-
stream design. We argue against this for two reasons. First,
sequence selection reflects the model’s choice of sequence
for the desired interaction or property, where flexibility may
itself be important; it is not merely a way to express a
structure. Replacing model-generated sequences with Pro-
teinMPNN redesigns can change the underlying chemical
properties, potentially destroying both the flexibility and the
functional property the model designed. Second, MPNN
inherits the same flexibility-correlated failure. The gain
from MPNN redesign diminishes sharply with flexibility: in
the most flexible bin, mean acceptance is similar to native
sequence. Therefore, redesign provides no rescue precisely
where canonical self-consistency fails the most.

7. Conclusion
In this work, we disentangle two primary failure modes of
the self-consistency pipeline and provide both conceptual
and empirical analyses to quantify their respective impacts.
Building on this understanding, we extend the standard self-
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consistency framework to explicitly account for conforma-
tional heterogeneity, resulting in a more robust, ensemble-
based self-consistency pipeline. This approach improves
sensitivity to flexible proteins (i.e., reduces false negatives)
without a loss in precision. Importantly, the ensemble-based
formulation is particularly valuable for downstream design
tasks such as motif scaffolding and binder design, as it
enables the selection of sequences exhibiting diverse confor-
mations, rather than favoring only rigid structures as in the
standard pipeline. Such conformational diversity is critical
for functional design, facilitating improved signal modu-
lation and access to otherwise occluded or buried binding
pockets.

Despite these advances, several limitations remain. First,
our failure-mode decomposition relies on the assumption
that short ATLAS MD trajectories provide sufficient cov-
erage of the plausible conformational basin for each se-
quence. While this approximation is necessary for scaling
the analysis to thousands of proteins, some folder failures
may correspond to plausible conformations not observed in
the short MD. Future work could validate this decomposi-
tion on proteins with longer MD simulations or enhanced
sampling trajectories. Second, our analysis focuses on self-
consistency and its failure modes in isolation. In practice,
downstream design pipelines combine self-consistency with
folding-model confidence metrics to enrich for experimen-
tally viable designs. Understanding how ensemble self-
consistency interacts with confidence measures, and how
the two should be jointly calibrated, remains an important
direction for future work.
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A. Settings
A.1. Inference

We used the official repositories, checkpoints, and default inference hyperparameters for ESMFold, SimpleFold, Protein-
MPNN, DISCO, La-Proteina, and RFDiffusion3 unless otherwise specified. For ProteinMPNN, we used the Cα-only model
with the default noise scale of 0.1. For ESMFold, we used the 3B checkpoint. For SimpleFold, we used the 3B checkpoint
and sampled with temperature of 0.8, following the setting used in the SimpleFold paper for multi conformation sampling.
For DISCO, we used the full-effort setting, corresponding to 4 recycles and 200 diffusion steps. For La-Proteina, we used
the unconditional checkpoint intended for proteins up to 500 residues and sampled with noise scales η = ηx = ηz , using the
default value of 0.1 and additional values of 0.2, 0.3, and 0.4. All other sampling parameters were left at their defaults.

A.2. Evaluation

We compute RMSD after Kabsch alignment using Cα atoms only. Our official codebase includes all scores computed on the
ATLAS database and generated structures, together with scripts to reproduce every figure and table reported in this paper.

A.3. Compute

All ProteinMPNN, ESMDiff, and ESMFold inference was performed on NVIDIA A100 GPUs (80GB), using under 300
GPU-hours in total. All SimpleFold inference and co-design model generation was performed on AMD MI300A GPUs
with the cuBLAS backend, using approximately 1,200 GPU-hours: roughly 1,000 GPU-hours for SimpleFold (N = 32)
predictions on 1,520 + 500× 6 = 4,520 samples, and around 200 GPU-hours for co-design model sampling.
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B. Statistics of ATLAS database
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Figure 9. Distribution of MD displacement in ATLAS. (a) Mean RMSD to deposited structure across MD frames, ∆mean. (b) Maximum
RMSD to deposited structure across MD frames, ∆max.

Figure 9 shows that ATLAS proteins often exhibit conformations beyond the fixed 2 Å threshold used in canonical self-
consistency. The median ∆mean is 2.13 Å, and 56% of proteins have mean MD displacement above 2 Å. The maximum
displacement is even larger, with median ∆max = 3.83 Å and 93% of proteins exceeding 2 Å. This supports the use
of proposed ensemble self-consistency: a fixed RMSD cutoff can reject native proteins simply because their plausible
conformational ensemble is broad.
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C. SimpleFold flexibility vs. MD flexibility
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Figure 10. Comparison between SimpleFold-predicted flexibility and ATLAS MD flexibility. Per-residue Cα RMSF is computed
from SimpleFold ensembles and from ATLAS MD trajectories. SimpleFold captures the relative flexibility of proteins with moderate
correlation to MD, but underestimates the magnitude of fluctuations.

Figure 10 compares flexibility estimated from SimpleFold ensembles with flexibility measured from ATLAS MD. SimpleFold
RMSF is moderately correlated with MD RMSF, suggesting that ensemble predictors can provide a useful proxy for flexibility.
However, SimpleFold systematically underestimates the magnitude of MD fluctuations, so we use it as a diagnostic rather
than as a calibrated replacement for MD.
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D. Self-consistency of co-design models by generation length
Table 3–7 report the length-wise breakdown of the results in Table 2. LP denotes La-Proteina.

Table 3. Results for L = 100.

Model SC-1 SC-16 Div-1 Div-16

DISCO 66.0% 83.0% 34.0% 37.0%
LP (η = 0.1) 71.0% 83.0% 40.0% 47.0%
LP (η = 0.2) 62.0% 78.0% 33.0% 41.0%
LP (η = 0.3) 60.0% 78.0% 38.0% 45.0%
LP (η = 0.4) 46.0% 65.0% 29.0% 38.0%
RFdiffusion3 44.0% 58.0% 16.0% 18.0%

Table 4. Results for L = 200.

Model SC-1 SC-16 Div-1 Div-16

DISCO 56.0% 75.0% 16.0% 18.0%
LP (η = 0.1) 52.0% 76.0% 28.0% 46.0%
LP (η = 0.2) 40.0% 72.0% 15.0% 27.0%
LP (η = 0.3) 29.0% 47.0% 10.0% 15.0%
LP (η = 0.4) 23.0% 38.0% 9.0% 14.0%
RFdiffusion3 21.0% 42.0% 5.0% 6.0%

Table 5. Results for L = 300.

Model SC-1 SC-16 Div-1 Div-16

DISCO 38.0% 67.0% 9.0% 14.0%
LP (η = 0.1) 22.0% 45.0% 12.0% 26.0%
LP (η = 0.2) 20.0% 45.0% 7.0% 13.0%
LP (η = 0.3) 13.0% 28.0% 6.0% 8.0%
LP (η = 0.4) 4.0% 15.0% 3.0% 6.0%
RFdiffusion3 5.0% 12.0% 4.0% 4.0%

Table 6. Results for L = 400.

Model SC-1 SC-16 Div-1 Div-16

DISCO 31.0% 66.0% 9.0% 20.0%
LP (η = 0.1) 6.0% 26.0% 6.0% 15.0%
LP (η = 0.2) 7.0% 23.0% 5.0% 8.0%
LP (η = 0.3) 6.0% 14.0% 5.0% 8.0%
LP (η = 0.4) 3.0% 4.0% 2.0% 2.0%
RFdiffusion3 3.0% 4.0% 2.0% 2.0%

Table 7. Results for L = 500.

Model SC-1 SC-16 Div-1 Div-16

DISCO 16.0% 41.0% 6.0% 7.0%
LP (η = 0.1) 2.0% 9.0% 1.0% 7.0%
LP (η = 0.2) 5.0% 7.0% 3.0% 3.0%
LP (η = 0.3) 4.0% 11.0% 3.0% 4.0%
LP (η = 0.4) 2.0% 5.0% 1.0% 3.0%
RFdiffusion3 0.0% 1.0% – 1.0%
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E. Rosetta decoy specificity test
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Figure 11. Ensemble self-consistency preserves specificity on hard negative decoys. Each point is a decoy structure paired with
its native sequence, colored by target. SF-1 denotes the RMSD to the first SimpleFold prediction, corresponding to deterministic
self-consistency; SF-32 denotes the minimum RMSD over 32 SimpleFold predictions, corresponding to ensemble self-consistency. The
dotted lines mark the 2 Å acceptance threshold.

We identify 10 Rosetta decoy targets that overlap with ATLAS: 1ez3 B,1i2t A,1vcc A,1xmk A,
1z2u A,2fe5 A,2jek A,2ppp A, 2qsk A,2y4x A. Each target contains 800-1,944 decoys, totaling 13,526 de-
coys.

Because the decoy set contains low-energy, plausible conformations, we apply an additional filtering procedure to construct
negative set. For each decoy, we first compute its Cα RMSD to the experimental reference structure and discard decoys
within 2Å, since these structures are effectively native-like. To obtain a balanced set across decoy difficulty, we bin the
remaining decoys for each target into 10 quantiles by RMSD to the native structure and uniformly sample 10 decoys per
bin, yielding approximately 100 decoys per target. For each sampled decoy, we then compare it against the ATLAS MD
ensemble for the corresponding native sequence. We load the three ATLAS trajectories, restrict all structures to Cα atoms,
concatenate the frames, and align the ATLAS Cα sequence to the decoy sequence by exact substring match. We retain a
decoy for the specificity test only if it is more than 2Å from every ATLAS MD frame. This yields 935 decoys across 10
targets.

For each retained negative pair, consisting of a native sequence and a decoy structure, we evaluate SimpleFold self-
consistency using 32 SimpleFold samples from the native sequence. We report two scores: SF-1, the RMSD from the decoy
to the first SimpleFold sample, and SF-32, the minimum RMSD to any of the 32 samples. A decoy is accepted if its RMSD
is below 2 Å.

This experiment therefore measures specificity: whether single sample or ensemble self consistency incorrectly accepts
near-native but implausible decoy conformations. As shown in Fig. 11, SF-32 slightly reduces the RMSD for some decoys,
as expected when taking the best of 32 samples. However, it rarely moves these hard negatives below the acceptance
threshold: SF-32 introduces only one additional false positive out of 935 decoys, accepting 2 decoys compared to 1 accepted
by SF-1. Thus, the ensemble self-consistency improves recall for flexible native conformations without sacrificing specificity
on this decoy set.
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F. Limitations of the short-time MD-based failure mode analysis
ATLAS is short trajectories initialized from the experimentally deposited structures; it is not sampling from entire sequence-
conditioned equilibrium ensemble ρx. While it justifies us using ATLAS MD frames as plausible (sufficiently low free
energy) conformations that protein can adopt in a solution, it also limits the scope of our analysis.

This limitation is most important for conformations separated by large free-energy barriers. Short trajectories are unlikely to
capture rare transitions, large-scale domain rearrangements, fold-switching behavior. Consequently, our failure decompo-
sition may overestimate folder failures: a refolded structure that lies outside the ATLAS MD ensemble is not necessarily
implausible, but may instead correspond to a conformation that was not sampled within the short trajectory. Finally, ATLAS
primarily contains folded proteins with local flexibility and some disordered regions; it does not directly address intrinsically
disordered proteins.
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