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existing proteins through computationally guided mutations for practical biotechnological applica-
tions [21, 39, 24, 40, 8, 35, 20, 51]—de novo protein design aims to create entirely new proteins with
specified structures and functions, ultimately seeking to discover folds and activities not found in na-
ture [12]. Since protein function is largely determined by tertiary and quaternary structure, generative
machine learning frameworks for protein design focus on learning the sparse, evolutionarily sampled
landscape of protein structures, with the goal of generating novel, functional backbone scaffolds
beyond those observed in nature [49, 32, 33, 27, 23, 52, 22, 7, 54, 46].

Recent breakthroughs in machine learning–based structure prediction—most notably Al-
phaFold2 [28]—have made it possible to infer accurate protein structures directly from se-
quence [28, 11, 34]. This progress has enabled the creation of large-scale structural resources
such as the AlphaFold Database (AFDB), which contains over 214M predicted structures from
UniProtKB sequences [13, 45]. In parallel, high-throughput tools for sequence and structure compar-
ison, such as MMSeqs2 and FoldSeek, have facilitated the curation of large, diverse training datasets
from AFDB [5]. Among them, the 2.3M AFDB cluster dataset, has already been shown to improve
the capabilities of generative models for protein structure design [33, 23].

The quality of a generative model depends on the size and fidelity of its training data. While
AlphaFold2 (AF) has enabled large-scale protein structure prediction, its outputs often contain
biological or computational inaccuracies [50]. To estimate the reliability of a predicted structure,
AlphaFold provides a per-residue confidence score, the predicted Local Distance Difference Test
(pLDDT), which is a proxy of local structural accuracy. In practice, researchers frequently filter
predicted structures based on average pLDDT scores, training only on high-confidence subsets
(typically using a cutoff of pLDDT > 80). However, lower pLDDT scores are disproportionately
associated with longer and more structurally complex proteins. As a result, filtering based on pLDDT
introduces a bias toward smaller, simpler folds, reducing structural diversity in the training set and
impairing the model’s ability to generalize to more complex regions of structure space—including
longer proteins. Notably, many low-pLDDT structures still contain well-folded domains that are
misoriented with respect to each other, as reflected by low predicted alignment error (pAE). These
structures can still offer valuable domain-level and coarse-grained information about the structure
distribution, which is discarded by overly aggressive filtering.

Figure 1: Long protein generation performance. We train Ambient Protein Diffusion on proteins up
to 768 residues and sample sequences ranging from 300 to 800 residues. Our 17M parameters model
significantly outperforms the previous state-of-the-art Proteina [23], which is a 200M parameters
model. Ambient Protein Diffusion generates both diverse and designable structures across all lengths.

To mitigate these issues, we depart from the standard paradigm of aggressive filtering of low-
confidence structures. Instead, we introduce Ambient Protein Diffusion —a framework for training
diffusion models that incorporates proteins with noisy or incomplete structures directly into the
training process. Ambient Protein Diffusion builds on recent advances in learning generative models
from corrupted data [14, 16, 1, 15, 2, 41, 4, 48, 17, 36, 42], which have explored controlled corruption
settings such as additive Gaussian noise [14, 16, 1, 17] and masking [15, 2]. Our framework
generalizes these techniques to arbitrary, unknown corruption processes, enabling the training of
generative models in scientific domains where the corruption mechanism is complex and non-
parametric. In our setting, the AlphaFold prediction errors represent such a corruption: they are
structured, not explicitly modeled, and vary across protein size and topology. Yet, our method
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Figure 2: Overview of Ambient Protein Diffusion on AlphaFold structures. Rows 1-3 show
the noising process (from left to the right) of three different AlphaFold proteins based on their
average pLDDT (top: high, middle: medium, and bottom: low). These proteins are only used during
training at the green diffusion times. At these noise levels, any initial AlphaFold prediction errors in
low-pLDDT proteins have effectively been “erased” by the added noise, and the distributions of low-
and high-pLDDT proteins have merged.

effectively leverages these imperfect samples to significantly advance the capabilities of generative
protein models. For example, on proteins with 700 residues, our 16.7M parameter model improves
diversity from 45% to 86% and increases designability from 68% to 86% compared to the previous
state-of-the-art, Proteína [23], a 200M parameter model. Below, we summarize our key contributions:

• We generalize recent approaches for training generative models on corrupted data to handle
arbitrary, non-parametric, and unknown corruption processes, enabling their application to
scientific domains.

• We demonstrate that our framework, Ambient Protein Diffusion, effectively leverages low-
pLDDT AlphaFold predictions, allowing the model to learn from all available samples
without distorting the underlying structure distribution.

• We further construct a new training set from the AFDB cluster dataset optimized for
geometric diversity irrespective of their evolutionary relationship, yielding a broader and
more representative sampling of structural space for generative modeling.

• We achieve state-of-the-art results in both diversity and designability for protein generation,
improve diversity by 45% and designability by 24% on long proteins (800 residues), and
establish the Pareto frontier between these objectives on short proteins (< 256 residues). Our
models also achieve state-of-the-art novelty scores in both short and long protein generation,
indicating much lower memorization of the training set.

2 Background and Related Work

De novo Protein Generation. Most de novo protein generation frameworks that operate in structure
space follow a three-step pipeline: (1) a generative model samples a three-dimensional backbone
structure; (2) an inverse folding model (e.g., ProteinMPNN [19]) proposes amino acid sequences
likely to fold into the generated backbone; and (3) these sequences are evaluated by a structure
prediction model (e.g., ESMFold [34]) to identify the ones that best recapitulate the target fold.

Pioneering methods such as RFDiffusion [49] and Chroma [27] have established strong baselines
for backbone generation. More recent advances include Genie [32], which introduces a denoising
diffusion model with an SE(3)-equivariant network that generates proteins as point clouds of reference
frames; Genie2 [33], which scales Genie using synthetic AlphaFold structures to improve training
data diversity; and Proteína [23], which replaces diffusion with flow matching and scales both model
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Figure 5: Designability - diversity trade-off for short protein generation (up to 256 residues).
Ambient dominates completely the Pareto frontier between designability and diversity, while using a
12.88→ smaller model. We further do so without using any higher-order sampler or (auto-) guidance
method.

literature, we recalculated TM-Novelty with the patched FoldSeek v10 for several literature models,
explicitly selecting the max alnTM-Score for each query. We report the results in Table 2. For
backward compatibility, we also reproduced literature results using the unpatched FoldSeek v9 and
the default qTM-Score sorting (see Appendix Table 7). Moving forward, we strongly recommend
that the community adopt FoldSeek v10 and always use the max alnTM-Score value to determine the
novelty per query when computing TM-Novelty.

Using both versions of FoldSeek, Ambient Protein Diffusion sets new state-of-the-art TM-novelty
scores on both the PDB and AFDB (588K) benchmarks. In the short-evaluation regime (↑ 256 AAs)
using FoldSeek v10, Ambient Protein Diffusion exceeds the next-best model (Genie2) by 2.0% on
PDB and 1.6% on AFDB—despite Genie2’s restriction to proteins no longer than 256 AAs. Against
Proteina, Ambient Protein Diffusion further boosts TM-novelty by 7.0% on PDB and 4.8% on AFDB.
In the long-evaluation regime (300–800 AAs), we focus on comparison with Proteina. Here, Ambient
Protein Diffusion achieves TM-novelty scores of 0.682 on PDB and 0.740 on AFDB, representing
improvements of 18.4% and 16.2%, respectively. Together, these results demonstrate that Ambient
Protein Diffusion, driven by the Ambient loss and cluster dataset, produces the most novel proteins
across both short and long-sequence settings.

4.5 Motif Scaffolding

As a final evaluation, we compare our method to prior work in motif scaffolding. The full results
are shown in Appendix Figure 7 and in Appendix Tables 5 and 6. With ω = 0.45, Ambient
Protein Diffusion generates 1,923 unique successful scaffolds for single-motif tasks, a significant
improvement over Genie2’s 1,445 [33] and performs comparably to a Proteína model (2,094 [23]),
which is much larger (200M parameters vs 17M parameters) and is optimized specifically for motif
scaffolding. For multi-motif scaffolding, Ambient Protein Diffusion generates 89 unique successful
structures across 5 of the 6 problems, outperforming Genie2, which produces 40 and solves 4.

5 Limitations and Future Work

This work represents a first step toward protein generative models that make better use of the synthetic
structures from the AlphaFold Database. Nevertheless, there are several clear avenues for improve-
ment. (i) Structure-quality metric. We rely on AlphaFold’s self-reported pLDDT score—a coarse,
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[1] Highly accurate protein structure prediction with AlphaFold. Jumper et al. 2021.

[2] Out of many, one: Designing and scaffolding proteins at the scale of the structural universe with genie2. Lin et al. 2024.

Ambient Diffusion: Train with low-quality proteins at sufficiently high noise levels
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Figure 3: Reclustering the AFDB cluster dataset to improve generative protein modeling.
(A) Starting from the 2.3M AFDB clustered dataset, we cluster the representatives with FoldSeek
optimized for geometric similarity: alignment-type set to TM-Align, TM threshold set to 0.5, and
coverage set to 0.75. This results in a 300K clusters (pLDDT > 70) from which we keep the
representatives for training. (B) pLDDT and protein length statistics for our new training set. (C)
Overlay of two Ambient clusters: Top row: Representative (beige; UniProt A0A2W1EPG1) overlaid
with members A0A820X4G2 (left, red) and A0A446YZW1 (right, red). Bottom row: Representative
(cyan; UniProt A0A395XDB6) overlaid with members A0A3B0YRI6 (left, blue) and L0S475
(right, blue). In the original AFDB cluster dataset, each of these six proteins was designated as the
representative of its own cluster despite their similarities in structural features.

Instead of directly applying the loss, we first need to rescale each time t to account for the vanishing
gradient effect that is due to the multiplicative factor a(t). Specifically, we need to rescale the loss
at time t with: w(t) = 1

a2(t) = ω4(t)
(ω2(t)→ω2(ti))

2 such that we balance the different timesteps. We
underline that this rescaling was not mentioned in the original paper of Daras et al. [16, 14], for
training with noisy data. Yet, we find this rescaling critical for the success of our method. We
hypothesize that the authors of [14, 16] did not encounter this issue because there were at most two
noise levels considered, while in AF predicted protein structures there is a whole spectrum of assigned
noise levels based on the predicted quality (measured by average pLDDT) of a protein structure. We
provide further details about the loss implementation in the Appendix (Section C) and pseudocode in
Algorithm 1.

Uniform Protein Sampling in terms of diffusion times. To perform a training update for a diffusion
model, we typically sample a point from the training distribution and then we uniformly sample the
noise level t. However, since in our case we are dealing with noisy data, not all times t are allowed
for a given protein, i.e. a protein with pLDDT(i) is only used for times t → f(pLDDT(i)). To
avoid spending most of the training updates on very noisy proteins, we opt for sampling first the
diffusion time and then select from the eligible proteins that can be used in that diffusion time. This
strategy ensures balanced coverage across the diffusion trajectory—from low to high noise—while
still leveraging the diversity of low-confidence structures (pLDDT < 80) in our training dataset.

Summarizing: Our algorithm requires three simple changes to the regular diffusion training: 1) an
annotation stage (before training) where each low-quality protein is replaced with a noisy version
of itself, 2) a change in the way we fetch samples from the dataset so that we do not overallocate
training updates to highly noisy proteins and 3) a change in the loss function to account for the fact
that for some proteins we do not have access to an uncorrupted structures.

3.3 Reclustering AFDB clusters for generative modeling applications

On top of our algorithmic contributions, we also reconsider the choices made for the training
dataset. The AFDB cluster dataset [5] has been used to train several generative protein models
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Figure 3: Reclustering the AFDB cluster dataset to improve generative protein modeling.
(A) Starting from the 2.3M AFDB clustered dataset, we cluster the representatives with FoldSeek
optimized for geometric similarity: alignment-type set to TM-Align, TM threshold set to 0.5, and
coverage set to 0.75. This results in a 300K clusters (pLDDT > 70) from which we keep the
representatives for training. (B) pLDDT and protein length statistics for our new training set. (C)
Overlay of two Ambient clusters: Top row: Representative (beige; UniProt A0A2W1EPG1) overlaid
with members A0A820X4G2 (left, red) and A0A446YZW1 (right, red). Bottom row: Representative
(cyan; UniProt A0A395XDB6) overlaid with members A0A3B0YRI6 (left, blue) and L0S475
(right, blue). In the original AFDB cluster dataset, each of these six proteins was designated as the
representative of its own cluster despite their similarities in structural features.
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Figure 3: Reclustering the AFDB cluster dataset to improve generative protein modeling.
(A) Starting from the 2.3M AFDB clustered dataset, we cluster the representatives with FoldSeek
optimized for geometric similarity: alignment-type set to TM-Align, TM threshold set to 0.5, and
coverage set to 0.75. This results in a 300K clusters (pLDDT > 70) from which we keep the
representatives for training. (B) pLDDT and protein length statistics for our new training set. (C)
Overlay of two Ambient clusters: Top row: Representative (beige; UniProt A0A2W1EPG1) overlaid
with members A0A820X4G2 (left, red) and A0A446YZW1 (right, red). Bottom row: Representative
(cyan; UniProt A0A395XDB6) overlaid with members A0A3B0YRI6 (left, blue) and L0S475
(right, blue). In the original AFDB cluster dataset, each of these six proteins was designated as the
representative of its own cluster despite their similarities in structural features.
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Data Pipeline

with additive Gaussian noise of different variances {ω2(ti)}Ni=1. Formally, let Xti = X0 + ω(ti)Z,
where X0 → p0, Z → N (0, Id). Each point Xti contributes to the learning only for t ↑ ti, using
the objective:

Ĵ(ε) = Et→U [0,T ]

∑

xti→D: t>ti

Ext|xti ,ti

[
||ϑ(t, ti)hω(xt, t) + (1↓ ϑ(t, ti))xt ↓ xti ||

2
]
, (2)

ϑ(t, ti) =
ε2(t)↑ε2(ti)

ε2(t) . As the number of samples grows to infinity, Equation 2 also recovers the
conditional expectation E[X0|Xt = xt], but it does so while being able to utilize noisy samples.
This objective recovers the true minimizer because one can prove that the conditional expectation
E[Xti |Xt = xt], lies in the line that connects the current noisy point xt and the prediction of the
clean image, E[X0|Xt = xt].

Distribution merging under noise. A key idea in our method will be that distribution distances
contract as we increase the noise level added. In the context of diffusion models, this property has
been leveraged in the SDEdit [38] paper to allow diffusion models to perform stroke-based editing
at inference time without any finetuning. Most relevant to our work, Ambient Omni [18] uses the
distribution contraction property (together with other innovations) to use blurry and out-of-distribution
data during training. In this work, we focus on synthetic data from AlphaFold that arise from various
corruption sources: biological ones (errors in the crystallography process), computational ones (errors
in the solution of the inverse problem from the crystallography data to the modeled structure), and
learning ones (AlphaFold mistakes due to the limited size of the training dataset and hallucinations).

3 Method

3.1 Building Intuition

We are given access to samples from the AlphaFold distribution p̃0 and aim to learn how to sample
from the true distribution of experimentally solved structures, p0, without an explicit degradation
model mapping p0 ↔ p̃0. Our key insight is that, regardless of how p̃0 deviates from p0, adding noise
to both distributions causes them to contract toward one another. As the noise level increases, the
distributions p̃t and pt become progressively more aligned. This is because it is known that Gaussian
noise contracts distribution distances (KL divergence) in the following sense:

DKL(pt||p̃t) ↗ DKL(pt→ || p̃t→), ↘t ↑ t↓. (3)

In fact, as t ↔ ≃, we have that: DKL(pt || p̃t) ↔ 0, as both distributions converge to the same
Gaussian. We now define the concept of merging of two distributions towards the same measure.

Definition 3.1 (ϖ-merged) We say that two distributions, p and p̃ are ϖ-merged, if the KL distance
between the two is upper-bounded, by ϖ, i.e., if DKL(p || p̃) ↗ ϖ.

Similarly, we define the merging time of two distributions as the minimal amount of noise we need to
add such that the two distributions become ϖ-merged. Formally,

Definition 3.2 (ϖ-merging time) Let two distributions p, p̃. We define their ϖ-merging time as follows:
tn(p, p̃, ϖ) = inf{t : DKL(p ⇐N (0,ω(t)2I) || p̃ ⇐N (0,ω(t)2I)) ↗ ϖ}.

Assuming we can estimate the ϖ-merging time between two distributions p and p̃, our key idea is to
treat samples from p̃t as approximate samples from pt for all timesteps t > tn(p, p̃, ϖ). This idea is
illustrated in Figure 2. The intuition is that once the distributions have sufficiently merged under
noise, the residual shift becomes negligible and samples from p̃t can be used for learning pt. This
holds because: (i) the learning algorithm may not be sensitive to small distributional discrepancies at
high noise levels, and (ii) even if some bias is introduced, the remaining diffusion trajectory for times
t ↗ tn(p, p̃, ϖ) is robust to small initial distributional mismatch due to its inherent stochasticity.

Sample dependent noise levels. At a high level, our objective is to determine the ϖ-merging time
between the distribution of AlphaFold-predicted structures and that of experimentally resolved
proteins. A key challenge arises from the fact that the AlphaFold distribution is highly heterogeneous
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Figure 6: Additional qualitative visualizations of unconditional generations.
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