
Published as a conference paper at ICLR 2025
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ABSTRACT

Recently, diffusion- and flow-based generative models of protein structures have
emerged as a powerful tool for de novo protein design. Here, we develop Proteı́na,
a new large-scale flow-based protein backbone generator that utilizes hierarchical
fold class labels for conditioning and relies on a tailored scalable transformer ar-
chitecture with up to 5× as many parameters as previous models. To meaningfully
quantify performance, we introduce a new set of metrics that directly measure the
distributional similarity of generated proteins with reference sets, complementing
existing metrics. We further explore scaling training data to millions of synthetic
protein structures and explore improved training and sampling recipes adapted
to protein backbone generation. This includes fine-tuning strategies like LoRA
for protein backbones, new guidance methods like classifier-free guidance and
autoguidance for protein backbones, and new adjusted training objectives. Proteı́na
achieves state-of-the-art performance on de novo protein backbone design and
produces diverse and designable proteins at unprecedented length, up to 800
residues. The hierarchical conditioning offers novel control, enabling high-level
secondary-structure guidance as well as low-level fold-specific generation.

1 INTRODUCTION

De novo protein design, the rational design of new proteins from scratch with specific functions
and properties, is a grand challenge in molecular biology (Richardson & Richardson, 1989; Huang
et al., 2016; Kuhlman & Bradley, 2019). Recently, deep generative models emerged as a novel data-
driven tool for protein design. Since a protein’s function is mediated through its structure, a popular
approach is to directly model the distribution of three-dimensional protein structures (Ingraham
et al., 2023; Watson et al., 2023; Yim et al., 2023b; Bose et al., 2024; Lin & Alquraishi, 2023),
typically with diffusion- or flow-based methods (Ho et al., 2020; Lipman et al., 2023). Such protein
structure generators usually synthesize backbones only, without sequence or side chains, in contrast to
protein language models, which often model sequences instead (Elnaggar et al., 2022; Lin et al., 2023;
Alamdari et al., 2023), and sequence-to-structure folding models like AlphaFold (Jumper et al., 2021).

Previous unconditional protein structure generative models have only been trained on small datasets,
consisting of no more than half a million structures at maximum (Lin et al., 2024). Moreover, their
neural networks do not offer any control during synthesis and are usually small, compared to modern
generative AI systems in domains such as natural language, image or video generation. There, we
have witnessed major breakthroughs thanks to scalable neural network architectures, large training
datasets, and fine semantic control (Esser et al., 2024; Brooks et al., 2024; OpenAI, 2024). This begs
the question: can we similarly scale and control protein structure diffusion and flow models, taking
lessons from the recent successes of generative models in computer vision and natural language?

Here, we set out to scale protein structure generation and develop a new flow matching-based protein
backbone generative model called Proteı́na. In vision and language modeling, generative models
are typically prompted through semantic text or class inputs, offering enhanced controllability. Anal-
ogously, we enrich our training data with hierarchical fold class labels following the CATH Protein
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Figure 1: Proté�na. We
use �ow-matching and learn
a �ow to transform a Gaus-
sian distribution over ini-
tial protein backbone coordi-
nates (residues'C� atoms)
into realistic protein struc-
tures. Proté�na relies on
a scalable transformer-based
architecture and can be con-
ditioned on hierarchical fold
class labels for improved con-
trollability and complex pro-
tein structure design tasks.

Structure Classi�cation scheme (Dawson et al., 2016). Our novel hierarchical fold class conditioning
offers both high-level control, for instance over secondary structure content, as well as low-level guid-
ance with respect to speci�c fold classes. This can be leveraged, for instance, to dramatically increase
the number of� -sheets in generated proteins. We also explore scaling the training data and train on
up to 21 million protein structures, a 35� increase of training data compared to previous work.

Next, we develop a scalable transformer architecture. We opt for a non-equivariant design inspired
by recent diffusion transformers in vision (Peebles & Xie, 2023; Ma et al., 2024). For boosted per-
formance, we optionally include triangle layers, a powerful albeit computationally expensive network
component common in the protein literature (Jumper et al., 2021). Crucially, though, our models also
achieves top performance without any triangle layer-based pair representation updates. This allows us
to train on very large proteins and generate backbones of up to 800 residues, while maintaining des-
ignability and diversity, signi�cantly outperforming all previous works. Further, while non-equivariant
diffusion models have recently been used as part of AlphaFold3 (Abramson et al., 2024), equivariant
methods have been dominant in the unconditional protein structure generation literature. We show that
large-scale non-equivariant �ow models also succeed on unconditional protein structure generation.
We train versions of Prote�́na with more than 400M parameters, more than 5� larger than RFDiffu-
sion (Watson et al., 2023), to the best of our knowledge the largest existing protein backbone generator.

Protein structure generators are typically evaluated based on their generated proteins' diversity, novelty
and designability (see Sec. 3.5). However, none of these metrics rigorously scores models at the
distribution level, although the task of generative modeling is to learn a model of a data distribution.
Hence, we introduce new metrics that directly score the learnt distribution instead of individual
samples. Similar to the Fréchet Inception Distance in image generation (Heusel et al., 2017), we
compare sets of generated samples against reference distributions in a non-linear feature space. Since
our feature extractor is based on a fold class predictor, we further quantify models' diversity over fold
classes as well as the similarity of the generated class distribution compared to reference data's classes.

Further, we adjust the �ow matching objective to protein structure generation and explore stage-wise
training strategies. For instance, using low-rank adaptation (LoRA, Hu et al. (2022)) we �ne-tune
Proté�na models on natural, designable proteins. We also develop novel guidance schemes for
hierarchical fold class conditioning and successfully showcase autoguidance (Karras et al., 2024) to
enhance protein designability. Experimentally, Prote�́na achieves state-of-the-art protein backbone
generation performance, vastly outperforming all baselines especially in long chain synthesis, and we
demonstrate superior control compared to previous models through our novel fold class conditioning.

Main contributions : (i) We present Prote�́na, a novel �ow-based generative protein structure
foundation model using a new scalable non-equivariant transformer architecture, which we scale to
more than 400M parameters.(ii) We incorporate hierarchical fold class conditioning into Prote�́na
and develop tailored training algorithms and guidance schemes, leading to unprecedented semantic
controllability over protein structure generation. In particular, we showcase fold-speci�c synthesis as
well as a controlled enhancement of� -sheets in generated structures.(iii) We introduce several new
protein structure generation metrics to complement existing metrics and to better analyze and compare
existing models.(iv) We scale training data to almost 21M high-quality synthetic protein structures,
and show successful training of models with very high designability on such large data.(v) We achieve
state-of-the-art designable and diverse protein backbone generation performance for unconditional
and fold class-conditional generation as well as motif-scaffolding. Thanks to our ef�cient transformer
architecture, we scale to an unprecedented length of 800 residues, still producing diverse and
designable proteins, vastly outperforming previous works.(vi) For the �rst time, we demonstrate
LoRA-based �ne-tuning and autoguidance for �ow-based protein structure generative models.
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Figure 2:Proté�na Samples.Designable backbones generated unconditionally byM FS model (< 250 residues).

2 BACKGROUND AND RELATED WORK

Proté�na relies on �ow-matching (Lipman et al., 2023; Liu et al., 2023; Albergo & Vanden-Eijnden,
2023), which models a probability density pathpt (x t ) that gradually transforms an analytically
tractable noise distribution (pt =0 ) into a data distribution (pt =1 ), following a time variablet 2 [0; 1].
Formally, the pathpt (x t ) corresponds to a�ow  t that pushes samples fromp0 to pt via pt = [  ]t � p0,
where� denotes the push-forward. In practice, the �ow is modelled via an ordinary differential
equation (ODE)dx t = v �

t (x t ; t)dt, de�ned through a learnable vector �eldv �
t (x t ; t) with parameters

� . Initialized from noisex0 � p0(x0), this ODE simulates the �ow and transforms noise into approxi-
mate data distribution samples. The probability density pathpt (x t ) and the (intractable) ground-truth
vector �eld u t (x t ) are related via the continuity equation@pt (x t )=@t= �r x t � (pt (x t )u t (x t )) .

To learnv �
t (x t ; t) one can employ conditional �ow matching (CFM). In CFM, conditioned on

data samplesx1 � p1(x1), we constructconditionalprobability pathspt (x t jx1) for which the
corresponding ground-truthconditionalvector �eld u t (x t jx1) is analytically tractable for simple
distributionsp0(x0), like Gaussian noise. The CFM objective then corresponds to regressing the
neural network-de�ned approximate vector �eldv �

t (x t ; t) againstu t (x t jx1), where the intermediate
samplesx t are drawn from the tractable conditional probability pathpt (x t jx1) and we marginalize
over datax1 via Monte Carlo sampling. Since in expectation the CFM objective results in the same
gradients as directly regressing against the intractable marginal ground-truth vector �eldu t (x t ),
v �

t (x t ; t) learns an approximation of the ground-truthu t (x t ).

In practice, the conditional probability paths are de�ned through aninterpolantthat connects noisex0
and data samplesx1 and constructs intermediatex t via interpolation. We rely on the recti�ed �ow (Liu
et al., 2023) (also known as conditional optimal transport (Lipman et al., 2023)) formulation, using
a linear interpolantx t = tx1 + (1 � t)x0 and the regression targetd t (x0jx1)=dt = x1 � x0. See
Sec. 3.2 for our exact instantiation of the CFM objective. Flow-matching is related to diffusion mod-
els (Sohl-Dickstein et al., 2015; Ho et al., 2020; Song et al., 2021), see App. J; for Gaussian �ows the
frameworks become equivalent up to reparametrizations (Kingma & Gao, 2023; Albergo et al., 2023).

Related Work. Two seminal works on protein backbone generation with diffusion models are
Chroma (Ingraham et al., 2023) and RFDiffusion (Watson et al., 2023), the latter �ne-tuning
RoseTTAFold (Baek et al., 2021). FrameDiff (Yim et al., 2023b) performs frame-based (Jumper
et al., 2021) Riemannian manifold diffusion (Huang et al., 2022; Bortoli et al., 2022) to model residue
rotations. These works were followed by FoldFlow (Bose et al., 2024) and FrameFlow (Yim et al.,
2023a), leveraging Riemanning �ow matching (Chen & Lipman, 2024). Meanwhile, Genie (Lin &
Alquraishi, 2023) and others (Trippe et al., 2023) generate protein backbones diffusing only residues'
C� coordinates. Proteus (Wang et al., 2024) builds on top of FrameDiff, introducing ef�cient triangle
layers. Recently, FoldFlow2 (Huguet et al., 2024) and Genie2 (Lin et al., 2024) extended training
data to the AFDB, although with signi�cantly less data than Prote�́na. MultiFlow (Campbell et al.,
2024), building on FrameFlow, jointly generates sequence and structure. Related, Protpardelle (Chu
et al., 2024) and the concurrent Pallatom (Qu et al., 2024) generate fully atomistic proteins. The latter
uses a similar non-equivariant transformer architecture like AlphaFold3 (Abramson et al., 2024), also
related to Proté�na's architecture. Meanwhile, masked language models have been trained on structure
tokens, with ESM3 (Hayes et al., 2024) being the most recent and prominent model. Chroma showed
classi�er-based guidance with respect to fold classes. In contrast, we, for the �rst time, leverage
classi�er-free guidance using large fold class annotations, and perform thorough quantitative analyses.

3 PROTÉINA

3.1 SCALING PROTEIN STRUCTURETRAINING DATA WITH FOLD CLASSES

Most protein structure generators have been trained on natural proteins, using �ltered subsets of the
PDB (Berman et al., 2000), resulting in training set sizes in the order of 20k. Recently, some works
(Lin et al., 2024; Huguet et al., 2024; Qu et al., 2024) relied on the AFDB (Varadi et al., 2021) and in-
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Figure 3: Dataset Statistics.
(a) Dataset size comparisons.
(b) Sunburst plot of the hierar-
chical fold class labels in our
largest datasetD21M, depicting
the hierarchical label structure
and the relative sizes of the
three hierarchical fold class cat-
egories C, A, and T.

cluded synthetic AlphaFold2 structures (Jumper et al., 2021). Genie2 (Lin et al., 2024) used the largest
dataset, i.e.� 0.6M synthetic structures. Inspired by the data scaling success of generative models in
areas such as image and video generation and natural language synthesis (Brooks et al., 2024; Esser
et al., 2024; OpenAI, 2024), we explore scaling protein structure training data even further. The entire
AFDB extends to� 214M structures, orders of magnitude larger than its small subsets used in previous
works. However, not all of these structures are useful for training protein structure generators, as they
contain low-quality predictions and other unsuitable data. Our main Prote�́na models are trained on
two datasets, denoted asDFS andD21M, the latter newly created (data processing details in App. M):

1. Foldseek AFDB clustersDFS: This dataset corresponds to the data that was also used by Genie2,
based on sequential �ltering and clustering of the AFDB with the sequence-based MMseqs2 and the
structure-based Foldseek (van Kempen et al., 2024; Barrio-Hernandez et al., 2023). This data uses
cluster representatives only, i.e. only one structure per cluster. Like Genie2, we use protein lengths
between 32 and 256 residues in our main models, leading to 588,318 structures in total.

2. High-quality �ltered AFDB subset D21M: We �ltered all � 214M AFDB structures for proteins
with max. residue length 256, min. average pLDDT of 85, max. pLDDT standard deviation of 15, max.
coil percentage of 50%, and max. radius of gyration of 3nm. This led to 20,874,485 structures. We
further clustered the data with MMseqs2 (Steinegger & Söding, 2017) using a 50% sequence similarity
threshold. During training, we sample clusters uniformly, and draw random structures within.

We useDFS, as, to the best of our knowledge, it represents the largest training dataset used in any
previous �ow- or diffusion-based structure generators. WithD21M we are pushing the frontier of
training data scale for protein structure generation. In fact,D21M is 35� larger thanDFS (see Fig. 3).

Hierarchical fold class annotations.Large-scale generative models in the visual domain typically
rely on semantic class- or text-conditioning to offer control or to effectively break down the generative
modeling task into a set of simpler conditional tasks (Bao et al., 2022). However, existing protein
structure diffusion or �ow models are either trained unconditionally, or condition only on partially
given local structures, for instance in motif scaffolding tasks (Yim et al., 2024; Lin et al., 2024).

We propose, for the �rst time, to instead leverage fold class annotations that globally describe protein
structures, akin to semantic class or text labels of images. We useThe Encyclopedia of Domains (TED)
data, which consists of structural domain assignments to proteins in the AFDB (Lau et al., 2024b;a).
TED uses the CATH structural hierarchy (Dawson et al., 2016) to assign labels, whereC (“class”)
describes the overall secondary-structure content of a domain,A (“architecture”) groups domains with
high structural similarity,T (“topology/fold”) further re�nes the structure groupings, andH (“homol-

Figure 4:Long Proté�na Samples. Chain lengths in (a)-(g): [300, 400, 500, 600, 700, 800, 800]. (a) “Mixed
�=� ”-guided. (b) “Mainly � ”-guided. (e) “Mixed�=� ”-guided. Others unconditional. All samples designable.
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ogous superfamily”) labels are only shared between domains with evolutionary relationships. Since
we are strictly interested in structural modeling, we discard the H level and leverage only C, A, and T
level labels. We assign labels to the proteins in all datasets, but since TED annotated not all of AFDB,
some structures lack CAT labels. Moreover, some labels are less common than others (see Fig. 3); we
only consider the main “mainly� ”, “mainly � ”, and “mixed� /� ” C classes. See App. M for details.

3.2 TRAINING OBJECTIVE

We model protein backbones' residue locations through theirC� atom coordinates, similar to Lin &
Alquraishi (2023); Lin et al. (2024). Note that many works instead leverage so-called frames (Jumper
et al., 2021), additionally capturing residue rotations. However, this requires modeling a generative
process over Riemannian rotation manifolds as well as ad hoc modi�cations to the rotation generation
schedule during inference, which are not well understood (Yim et al., 2023a; Bose et al., 2024; Huguet
et al., 2024). We purposedly avoid such representations to not make the framework unnecessarily
complicated, and prioritize simplicity and scalability, relying purely onC� backbone coordinates.

Consider the vector of a protein backbone's 3DC� coordinatesx 2 R3L , whereL is the number of
residues. Denote the protein's fold class labels asf Cx ; Ax ; Tx gCAT, and the binned pairwise distance
between residuesi andj asDb;ij (x). Usingx t = tx + (1 � t)� , Proté�na's objective then is

min
�

Ex � pD (x ) ;� �N (0;I ) ;t � p( t )

�
1
L

jjv �
t (x t ; t; x̂ (x t ); f Cx ; Ax ; Tx gCAT) � (x � � )jj2

2| {z }
Main conditional �ow-matching loss, see Sec. 2.

�
1(t � 0:3)

L 2

X

i;j

64X

b=1

Db;ij (x) log p�
b;ij (x t ; t; x̂ (x t ); f Cx ; Ax ; Tx gCAT)

| {z }
Optional auxiliary binned distogram loss.

�
:

(1)

Similar to Abramson et al. (2024); Qu et al. (2024), we optionally include a cross entropy-based
distogram loss, which discretizes pairwise residue distances into 64 bins. The distogram is predicted
via a prediction head attached to our architecture's pair representation and only used if this pair
representation is updated (see Sec. 3.3). This loss is generally used only fort � 0:3. We also train
for self-conditioning, conditioning the model on its own clean data predictionx̂ (x t ) = x t + (1 �
t)v �

t (x t ; t; ; ; f Cx ; Ax ; Tx gCAT) with probability0:5. Furthermore, we design a novelt-sampling
distribution,p(t) = 0 :02U(0; 1) + 0 :98B(1:9; 1:0), tailored to �ow matching for protein backbone
generation (motivation and discussion in App. K, visualization in Fig. 20, ablation studies in App. L).

Fold-class conditioning.Our fold class labels describe protein structures at different levels of detail,
and we seek the ability to both condition on varying levels of the hierarchy, and to also run the model
unconditionally. To this end, we propose to hierarchically drop out different label combinations during
training. Speci�cally, withp = 0 :5 we drop all labels (f; ; ; ; ;g CAT), with p = 0 :1 we only show the
C label (f Cx ; ; ; ;g CAT), with p = 0 :15we drop only theT label (f Cx ; Ax ; ;g CAT) and withp = 0 :25
we give the model all labels (f Cx ; Ax ; Tx gCAT). The drop probabilities are chosen such that, on the
one hand, we learn a strong unconditional model without any labels. On the other hand, the number of
categories increases along the hierarchy, such that we focus training more on the increasingly �ne A
and T classes, as opposed to conditioning only on the coarser C labels (Fig. 3). Moreover, our approach
enables classi�er-free guidance (Ho & Salimans, 2021) for all possible levels during inference,
combining the unconditional model prediction with any of the label-conditioned predictions (guidance
weight! , see App. I). Note that, while most training proteins have only a single label, if a protein has
multiple domains and corresponding hierarchical labels, we randomly feed one of them to the model.

3.3 A SCALABLE PROTEIN STRUCTURETRANSFORMERARCHITECTURE

While previous protein structure generators typically use small equivariant neural networks, we take
inspiration from language and image generation (Peebles & Xie, 2023; Ma et al., 2024; Esser et al.,
2024) and design a new streamlined non-equivariant transformer, see Fig. 5. It constructs residue chain
and pair representations from the (noisy) protein coordinates, the residue indices, the sequence sepa-
ration between residues and the (optional) self-conditioning input. The residue chain representation is
processed by a stack of conditioned and biased multi-head self-attention layers (Vaswani et al., 2017),
using a pair bias via the pair representation, which can be optionally updated, too. At the end, the up-
dated sequence representation is decoded into the vector �eld predictionv �

t to model Proté�na's �ow.
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Figure 5:Proté�na's transformer architecture. (a)-(c)We �rst create a sequence representation, sequence
conditioning features, and a pair representation.(d) They are processed by conditioned and biased (through the
pair representation) multi-head attention layers, described in(e). We use a variant of QK normalization, applying
LayerNorm (LN) to the Q and K inputs to the attention operation, before the multi-head split. Optionally, the
pair representation can be updated. See App. N for thePair Update, Adaptive LN, andAdaptive Scalemodules.

A related architecture has recently been introduced by AlphaFold3 (Abramson et al., 2024), and is used
concurrently in Pallatom (Qu et al., 2024). Our design features some additional components:(i) As
discussed, we condition on hierarchical fold class labels. They are fed to the model through concate-
nated learnable embeddings, injected into the attention stack via adaptive layer norms, together with
thet embedding.(ii) Following best practices from language and vision, we extend our sequence rep-
resentation with auxiliary tokens, known as registers (Darcet et al., 2024), which can capture global in-
formation or act as attention sinks (Xiao et al., 2024) and streamline the sequence processing.(iii) We
use a variant of QK normalization (Dehghani et al., 2023) to avoid uncontrolled attention logit growth.
While our models are smaller than the large models in vision and language, we train with relatively
small batch sizes and high learning rates, where similar instabilities can occur (Wortsman et al., 2024).
(iv) All our attention layers feature residual connections—without, we were not able to train stably
(AlphaFold3 is ambiguous regarding their use of such residuals).(v) We use triangle multiplicative lay-
ers (Jumper et al., 2021) asoptional add-on onlyto update the pair representation. While triangle lay-
ers have been shown to boost performance (Jumper et al., 2021; Lin et al., 2024; Huguet et al., 2024),
they are highly compute and memory intensive, limiting scalability. Hence, in Prote�́na we avoid their
usage as the driving model component and carry out most processing with the main transformer stack.

AlphaFold3 showed that non-equivariant diffusion models can succeed in protein folding, but they rely
on expressive amino acid sequence and MSA embeddings. We instead learn the distribution of protein
structureswithout sequence inputs. For this task, to the best of our knowledge, almost all related
works used equivariant architectures, aside from the concurrent Pallatom (Qu et al., 2024) and Prot-
pardelle (Chu et al., 2024). To nonethelesslearnequivariance, we center training proteins and augment
with random rotations; in App. E we show that our model learns an approximately SO(3)-equivariant
vector �eld. We train models with up to� 400M parameters in the transformer and� 17M in the
triangle layers, which, we believe, represents the largest protein structure �ow or diffusion model.

3.4 SAMPLING

New protein backbones can be generated with Prote�́na by simulating the learnt �ow's ODE, see
Sec. 2. Since our �ow is Gaussian, there exists a connection between the learnt vector �eld and the
corresponding scores(x t ) := r x t logpt (x t ) (Albergo et al., 2023; Ma et al., 2024),

s�
t (x t ; ~c) =

tv �
t (x t ; ~c) � x t

1 � t
; (2)

where we use~c as abbreviation for all conditioning inputs (see Sec. 3.2). This allows us to construct a
stochastic differential equation (SDE) that can be used as a stochastic alternative to sample Prote�́na,

dx t = v �
t (x t ; ~c)dt + g(t)s�

t (x t ; ~c)dt +
p

2g(t)
 dWt ; (3)
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Figure 6:Fold class-conditional Generationwith M cond
FS model (Sec. 4.3). All samples are designable and

correctly re-classi�ed (App. D). The used C.A.T fold class conditioning codes are given below fold names.

whereWt is a Wiener process andg(t) scales the additional score and noise terms, which corresponds
to Langevin dynamics (Karras et al., 2022). Crucially, we have introduced a noise scaling parameter

 . For 
 =1 , the SDE has the same marginals and hence samples from the same distribution as
the ODE (Karras et al., 2022; Ma et al., 2024). However, it is common in the protein structure
generation literature to reduce the noise scale in stochastic sampling (Ingraham et al., 2023; Wang
et al., 2024; Lin et al., 2024). This is not a principled way to reduce the temperature of the sampled
distribution (Du et al., 2023), but can be bene�cial empirically, often improving designability at the
cost of diversity. Fold label conditioning is done via classi�er-free guidance (CFG) (Ho & Salimans,
2021), and we also exploreautoguidance(Karras et al., 2024), where a model is guided using a “bad”
version of itself. In a unifying formulation, we can write the guided vector �eld as

v �; guided
t (x t ; ~c) = ! v �

t (x t ; ~c) + (1 � ! )
h
(1 � � )v �

t (x t ; ; ) + � v �; bad
t (x t ; ~c)

i
(4)

where! � 0 de�nes the overall guidance weight and� 2 [0; 1] interpolates between CFG and
autoguidance. An analogous equation holds for the scoress�

t (x t ; ~c). To the best of our knowledge, no
previous works explore CFG or autoguidance for protein structure generation. More details in App. I.

3.5 PROBABILISTIC METRICS FORPROTEIN STRUCTUREGENERATIVE MODELS

Protein structure generators are scored based on their samples'designability, diversityandnovelty
(see App. F). However, designability relies on auxiliary models, ProteinMPNN (Dauparas et al., 2022)
and ESMFold (Lin et al., 2023), with their own biases. Moreover, we cannot necessarily expect to
maximize designability by learning a better generative model, because not even all training proteins
are designable (Lin et al., 2024). Next, diversity and novelty are usually only computed among
designable samples, which makes them dependent on the complex designability metric, and diversity
and novelty do otherwise not depend on quality. Therefore, we propose new probabilistic metrics
that offer complementary insights. We suggest to more directly quantify how well a model matches a
relevant reference distribution. Speci�cally, we �rst train a fold class predictorp� (�jx ) with features
� (x) for all CAT hierarchy levels (Sec. 3.1). Leveraging this classi�er, we propose three new metrics:

Fr échet Protein Structure Distance (FPSD).Inspired by the FID score (Heusel et al., 2017), we
embed generated and reference structures into the feature space of the fold class predictor and measure
the Wasserstein distance between the feature distributions, modeling them as Gaussians. De�ning the
generated and the reference set of protein structures asf xggen andf xgref, respectively, we have

FPSD(f xggen; f xgref) := jj � f � ( x ) ggen� � f � ( x ) gref jj
2
2+ tr

�
� f � ( x ) ggen + � f � ( x ) gref � 2(� f � ( x ) ggen� f � ( x ) gref)

1
2

�
:

An accurate fold class predictor must learn an expressive feature representation of protein structures.
Hence, we argue that these feature embeddings must be well-suited for �ne-grained reasoning about
protein structure distributions, making a fold class predictor an ideal choice as embedding model.

Fold Jensen Shannon Divergence (fJSD).We also directly compare the marginal predicted categori-
cal fold class distributions of generated and reference structures via the Jensen Shannon Divergence,

fJSD(f xggen; f xgref) := 10 � JSD(Ex �f x ggenp� (�jx )jjEx �f x grefp� (�jx )) :

Note that we can evaluate this fJSD metric at all levels of the predicted CAT fold class hierarchy,
allowing us to measure distributional fold class similarity at different levels of granularity. In practice,
in this work we report the average over all levels in the interest of conciseness.

Fold Score (fS).Inspired by the Inception Score (Salimans et al., 2016), we propose a Fold Score

fS(f xggen) := exp
�

Ex �f x ggen

h
DKL

�
p� (�jx )kEx �f x ggenp� (�jx )

� i�
:
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Table 1:Proté�na's unconditional backbone generation performancecompared to baselines.All models and
baselines tuned for designability via noise scaling or inference rotation annealing, not sampling full distribution.
For metric evaluation details see App. F and App. G. Best scoresbold, second best underlined.

Model Design- Diversity Novelty vs. FPSD vs. fS fJSD vs. Sec. Struct. %
ability (%)" Cluster" TM-Sc.# PDB# AFDB# PDB# AFDB# (C / A / T)" PDB# AFDB# (� / � )

Unconditional generation.M j
i denotes the Prote�́na model variant, and
 is the noise scale for Prote�́na.

FrameDiff 65.4 0.39 (126) 0.40 0.73 0.75 194.2 258.1 2.46 / 5.78 / 23.35 1.04 1.42 64.9 / 11.2
FoldFlow (base) 96.6 0.20 (98) 0.45 0.75 0.79 601.5 566.2 1.06 / 1.79 / 9.72 3.18 3.10 87.5 / 0.4
FoldFlow (stoc.) 97.0 0.25 (121) 0.44 0.74 0.78 543.6 520.4 1.21 / 2.09 / 11.59 3.69 2.71 86.1 / 1.2
FoldFlow (OT) 97.2 0.37 (178) 0.41 0.71 0.75 431.4 414.1 1.35 / 3.10 / 13.62 2.90 2.32 82.7 / 2.0
FrameFlow 88.6 0.53 (236) 0.36 0.69 0.73 129.9 159.9 2.52 / 5.88 / 27.00 0.68 0.91 55.7 / 18.4
ESM3 22.0 0.58 (64) 0.42 0.85 0.87 933.9 855.4 3.19 / 6.71 / 17.73 1.53 0.98 64.5 / 8.5
Chroma 74.8 0.51 (190) 0.38 0.69 0.74 189.0 184.1 2.34 / 4.95 / 18.15 1.00 1.08 69.0 / 12.5
RFDiffusion 94.4 0.46 (217) 0.42 0.71 0.77 253.7 252.4 2.25 / 5.06 / 19.83 1.21 1.13 64.3 / 17.2
Proteus 94.2 0.22 (103) 0.45 0.74 0.76 225.7 226.2 2.26 / 5.46 / 16.22 1.41 1.37 73.1 / 9.1
Genie2 95.2 0.59 (281) 0.38 0.63 0.69 350.0 313.8 1.55 / 3.66 / 11.65 2.21 1.70 72.7 / 4.8

M FS, 
 =0 :35 98.2 0.49 (239) 0.37 0.71 0.77 411.2 392.1 1.93 / 5.16 / 16.79 1.96 1.53 71.6 / 5.8
M FS, 
 =0 :45 96.4 0.63 (305) 0.36 0.69 0.75 388.0 368.2 2.06 / 5.32 / 19.05 1.65 1.23 68.1 / 6.9
M FS, 
 =0 :5 91.4 0.71 (323) 0.35 0.69 0.75 380.1 359.8 2.10 / 5.18 / 19.07 1.55 1.13 67.0 / 7.2

M no-tri
FS , 
 =0 :45 93.8 0.62 (292) 0.36 0.69 0.76 322.2 306.2 1.80 / 4.72 / 18.59 1.84 1.36 71.3 / 5.5

M 21M, 
 =0 :3 99.0 0.30 (150) 0.39 0.81 0.84 280.7 319.9 2.05 / 5.90 / 19.65 1.66 1.81 62.2 / 9.9
M 21M, 
 =0 :6 84.6 0.59 (294) 0.35 0.72 0.77 280.7 301.8 2.31 / 5.76 / 30.11 0.89 0.95 58.7 / 12.0

M LoRA, 
 =0 :5 96.6 0.43 (208) 0.38 0.75 0.78 274.1 336.0 2.40 / 6.26 / 26.93 0.79 0.93 54.3 / 13.0

A higher score is desired. The fS is maximized when individual sample's class predictionsp� (�jx )
are sharp, while the marginal distributionEx �f x ggenp� (�jx ) has high entropy and covers many classes.
Hence, this score encourages diverse generation, while individual samples should be of high quality
to enable con�dent predictions under the classi�er. The fS can also be evaluated for all CAT levels.

Our new metrics are probabilistic and directly score generated proteins at the distribution level, offer-
ing additional insights. They can help model development, but arenot meant as optimization targets
to rank models. A protein designer in practice still cares primarily about designable, diverse and novel
proteins. Therefore, we did not indicate bold/underlined scores for these metrics in the evaluation ta-
bles in Sec. 4. The new metrics are evaluated with 5,000 samples in practice. In App. G, we provide de-
tails and extensively validate the new metrics on benchmarks, to establish their validity and sensitivity.

4 EXPERIMENTS

We trained three main Prote�́na models (M ), all with the possibility for conditional and unconditional
generation (Sec. 3.2):(i) Model M FS is trained onDFS with a 200M parameter transformer and 15M
parameters in triangle layers.(ii) The more ef�cientM no-tri

FS is trained onDFS with a 200M parameter
transformer without any triangle layers nor pair representation updates.(iii) M 21M is trained on
D21M with a 400M parameter transformer and 15M parameters in triangle layers. Details in App. O.

4.1 PROTEIN BACKBONE GENERATION BENCHMARK

In Tab. 1, we compare our models' performance with baselines for protein backbone generation
(see Sec. 2). We select all appropriate baselines for which code was available, as we require to
generate samples to fairly evaluate metrics and follow a consistent evaluation protocol (described
in detail in Apps. F and G). We did not evaluate Genie, as it is outdated since Genie2, and we were
not able to compare to the recent FoldFlow2, as no code is available. We also evaluated ESM3
as a state-of-the-art masked language model that can also produce structures. Baseline evaluation
and experiment details in Apps. O and P. All models and baselines in Tab. 1 are adjusted for high
designability via rotation annealing or reduction of the noise scale during inference. Tab. 1 �ndings:

Unconditional generation. (i) M FS can be tuned during inference for different designability,
diversity and novelty trade-offs (varying
 ). It outperforms all baselines in designability and diversity,
while performing competitively on novelty, only behind Genie2 and FrameFlow for AFDB novelty
(model samples in Fig. 2).(ii) M no-tri

FS still reaches 93.8% designability and outperforms all baselines
on diversity, despite not using any expensive triangle layers and no pair track updates—in contrast

Table 2:Proté�na's and Chroma'sfold class-conditional backbone generation performance.
Model Design- Diversity Novelty vs. FPSD vs. fS fJSD vs. Sec. Struct. %

ability (%)" Cluster" TM-Sc.# PDB# AFDB# PDB# AFDB# (C / A / T)" PDB# AFDB# (� / � )

Fold class-conditional generation with Prote�́na modelM cond
FS and CFG with guidance weight! and noise scale
 = 0 :4.

Chroma 57.0 0.65 (186) 0.37 0.68 0.73 157.8 131.0 2.36 / 5.11 / 19.82 0.84 0.77 70.2 / 11.1
M cond

FS , ! =1 :0 91.4 0.57 (262) 0.34 0.77 0.81 121.1 127.6 2.50 / 6.93 / 31.31 0.58 0.52 57.1 / 13.7
M cond

FS , ! =1 :5 89.2 0.57 (252) 0.33 0.77 0.81 106.1 113.5 2.58 / 7.36 / 32.72 0.49 0.47 56.0 / 14.6
M cond

FS , ! =2 :0 83.8 0.54 (225) 0.33 0.78 0.82 103.0 108.3 2.62 / 7.55 / 33.74 0.45 0.43 54.5 / 15.7
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Table 3:Proté�na's and GENIE2's backbone generation performancewhen evaluated to sample full distribution,
i.e. no noise or temperature reduction. Metric details in Apps. F and G. Best scoresbold, second bestunderlined.

Model Design- Diversity Novelty vs. FPSD vs. fS fJSD vs. Sec. Struct. %
ability (%)" Cluster" TM-Sc.# PDB# AFDB# PDB# AFDB# (C / A / T)" PDB# AFDB# (� / � )

Unconditional generation.M j
i denotes Proté�na model variant. Sampling for Prote�́na performed using generative ODE (App. I), for GENIE with their approach.

Genie2 19.0 0.81 (77) 0.33 0.66 0.72 104.7 29.94 2.24 / 4.49 / 22.83 0.75 0.16 65.0 / 7.5
M FS 19.6 0.93 (91) 0.32 0.66 0.74 85.39 21.41 2.51 / 5.65 / 27.35 0.59 0.09 48.2 / 13.2
M 21M 35.4 0.65 (115) 0.34 0.74 0.79 50.14 44.98 2.51 / 6.46 / 39.65 0.32 0.23 55.7 / 11.8
M LoRA 44.2 0.58 (129) 0.35 0.73 0.75 68.56 138.6 2.61 / 7.19 / 38.64 0.31 0.82 47.2 / 13.4

Fold class-conditional generation with Prote�́na modelM cond
FS and CFG with guidance weight! . Sampling is performed using generative ODE (App. I).

M cond
FS , ! =1 :0 24.2 0.74 (90) 0.29 0.73 0.79 71.46 19.45 2.64 / 6.75 / 26.64 0.40 0.12 48.7 / 14.7

to all existing models.(iii) M 21M achieves state-of-the-art 99.0% designability, while generating
less diverse structures. This is expected, as it is trained on the very large, yet strongly �lteredD21M.
Models trained onDFS exhibit higher diversity, because no radius of gyration or secondary structure
�ltering was used during data curation. WithD21M we were able to prove that one can create high-
quality datasets, much larger thanDFS, from fully synthetic structures that can be used for training
generative models producing almost entirely designable structures. Furthermore, our discussed
�ndings represent an important proof that non-equivariant architectures can achieve state-of-the-art
performance on protein backbone generation. All baselines use fully equivariant networks.

PDB-LoRA M LoRA. We used LoRA (Hu et al., 2022) to �ne-tuneM FS on a small dataset of only des-
ignable proteins from the PDB (App. M.1). As expected, designability improves, diversity decreases,
FPSD and fJSD with respect to PDB decrease, and FPSD and fJSD with respect to AFDB increase.
This experiment showcases how a model that is trained only on synthetic data can be successfully �ne-
tuned on natural proteins, and the metrics validate that the generated samples indeed are closer to the
PDB in distribution. Moreover, the amount of� -sheets doubles, an important aspect, due to the under-
representation of� -sheets in many protein design models. To the best of our knowledge, this is the �rst
time that such LoRA �ne-tuning has been demonstrated for protein structure �ow or diffusion models.

Fold-Class conditional generation and new metrics.Next, we evaluate our fold class-conditional
modelM cond

FS as well as Chroma, the only baseline that also supports class-conditional sampling (see
Tab. 2). We feed the labels from the empirical label distribution ofDFS to the models. This enforces
diversity across different fold structures, which is re�ected in the metrics. Compared to unconditional
generation, our conditional model achieves state-of-the-art TM-Score diversity, while also reaching
the best FPSD, fS and fJSD scores, thereby demonstrating fold structure diversity (fS) and a better
match in distribution to the references (FPSD, fJSD). Moreover, this is achieved while maintaining
very high designability. Further, the effect is enhanced by classi�er-free guidance (! � 1:0). Fold
class-conditioning also signi�cantly improves the� -sheet content of the generated backbones. Note
that, however, the model does not improve novelty. Novelty can be at odds with learning a better model
of the training distribution—the goal of any generative model—as it rewards samples completely
outside the training distribution. That motivates our new metrics, which are complementary, as clearly
shown in the class-conditioning case. Chroma has very poor designability and is outperformed in
TM-score diversity and the number of designable cluster. Moreover, we show in App. D.1 that, in
contrast to Proté�na, Chroma fails to perform accurate fold class-speci�c generation by analyzing
whether generated proteins correspond to the correct conditioning fold classes.

Figure 7: Designability ofM 21M

ODE samples with autoguidance.

Full distribution modeling. Most models use temperature
and noise scale reduction or rotation schedule annealing during
inference to increase designability at the cost of diversity. In
Tab. 3, we analyze performance when sampling the entire
distribution instead, comparing to Genie2 also sampled at full
temperature. Genie2 produces the least designable samples.
M FS performs overall on-par with or better than Genie2, but
M 21M has much higher designability and LoRA �ne-tuning also
gives a big boost. Moreover, almost all new distribution metrics
(FPSD, fS, fJSD) are signi�cantly improved over Tab. 1, as we
now sample the entire distribution. This is only fully captured by our new metrics.

Autoguidance. In Fig. 7, we show a case-study of autoguidance (Karras et al. (2024), see App. I) for
protein backbone generation with ourM 21M model in full distribution mode (ODE), using an early
training checkpoint as “bad” guidance checkpoint. We can signi�cantly boost designability, up to
70% in conditional generation, far surpassing the results in Tab. 3. To the best of our knowledge, this
is the �rst proof of principle of autoguidance in the context of protein structure generation.
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4.2 LONG CHAIN GENERATION

While our main models are trained on proteins of up to 256 residues, we �ne-tune theM no-tri
FS

model on proteins of up to 768 residues (App. O for details). In Fig. 8, we show our model's
performance on long protein backbone generation of up to 800 residues (samples in Fig. 4.).
While Genie2 exhibits superior diversity at 300 residues, beyond that Prote�́na signi�cantly out-
performs all baselines by a large margin, achieving state-of-the-art results. At very long lengths,
all baselines collapse and cannot produce diverse designable proteins anymore. In contrast, for
our model most generated backbones are designable even at length 800 and we still generate many
diverse proteins, as measured by the number of designable clusters. To the best of our knowl-
edge, no previous protein backbone generators successfully trained on proteins up to that length.

Figure 8:Proté�na long backbone generation performance (also App. O.5).

It is possible for us because
M no-tri

FS does not use any expen-
sive triangle layers and no pair
track updates, relying only on
our novel ef�cient transformer,
whose scalability this experi-
ment validates. We envision
that such long protein back-
bone generation unlocks new
large-scale protein design tasks.
Note that long length genera-
tion can be combined with our novel fold class conditioning, too, offering additional control (Fig. 4).

4.3 FOLD CLASS-SPECIFICGUIDANCE AND INCREASED� -SHEETS

A problem that has plagued protein structure generators for a long time is that they typically produce
much more� -helices than� -sheets (Tabs. 1 and 3). Our fold class conditioning offers a new tool to
address this without the need for �ne-tuning (Huguet et al., 2024). In Tab. 4, we guide theM cond

FS
model with respect to the main high-level C level classes that determine secondary structure content
(details App. O). When guiding into the “mixed� /� ” and especially “mainly� ” classes,� -sheets
increase dramatically in contrast to unconditional or “mainly� ” generation and also compared to all
baselines in Tab. 1. Importantly, the samples remain designable. As we restrict generation to speci�c
classes, diversity slightly decreases as expected, but we still generate diverse samples.

Table 4:Guiding Proté�na into the C-level classes.
Class Design- Diversity Novelty vs. Sec. Struct. %

ability % " Foldseek" TM-Sc.# PDB# AFDB# � � coil

Unconditional 96.4 0.63 (305) 0.36 0.69 0.75 68.1 6.9 25.0
“Mainly � ” 96.6 0.37 (179) 0.42 0.77 0.82 82.5 0.6 16.9
“Mainly � ” 90.0 0.48 (215) 0.37 0.75 0.82 14.9 33.3 51.8
“Mixed � /� ” 97.8 0.42 (207) 0.37 0.73 0.78 44.1 20.5 35.4

Aside from C-level guidance to achieve
controlled secondary structure diversity,
we can also guide with respect to inter-
esting or relevant A- and T-level classes.
In Fig. 6, we show examples of guidance
into different fold classes from the CAT
hierarchy, demonstrating that Prote�́na offers unprecedented control over protein backbone generation.
We would also like to point to App. D, where we extensively validate that our novel fold class condi-
tioning correctly works by re-classifying generated conditional samples with our fold class predictor.

Further Proté�na samples in App. A. Prote�́na also achieves state-of-the-art performance inmotif-
scaffolding(App. B). Speed and ef�ciency analysis in App. C.2. More experiments in Apps. E and L.

5 CONCLUSIONS

We have presented Prote�́na, a foundation model for protein backbone generation. It features novel fold
class conditioning, offering unprecedented control over the synthesized protein structures. In compre-
hensive unconditional, class-conditional and motif scaffolding benchmarks, Prote�́na achieves state-of-
the-art performance. Our driving neural network component is a scalable non-equivariant transformer,
which allows us to scale Prote�́na to synthesize designable and diverse backbones up to 800 residues.
We also curate a 21M-sized high-quality dataset from the AFDB and, scaling Prote�́na to over 400M pa-
rameters, show that highly designable protein generation is achievable even when training on synthetic
data at such unprecedented scale. For the �rst time, we demonstrate not only classi�er-free but also au-
toguidance as well as LoRA-based �ne-tuning in protein structure �ow models. Finally, we introduce
new distributional metrics that offer novel insights into the behaviors of protein structure generators.
We hope that Prote�́na unlocks new large-scale protein design tasks while offering increased control.
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REPRODUCIBILITY STATEMENT

We ensure that our data processing, network architecture design, inference-time sampling, sample
evaluations, and baseline comparisons are reproducible. Our Appendix offers all necessary details
and provides comprehensive explanations with respect to all aspects of this work.

In addition to Sec. 3.1, in App. M we describe in detail how ourDFS andD21M datasets are created,
processed, �ltered and clustered, which includes the hierarchical CAT fold class labels that we
use. Dataset statistics are given in Fig. 3, which can serve as reference. Additional tools that we
use during data processing and evaluation, such as MMseqs2 (Steinegger & Söding, 2017) and
Foldseek (van Kempen et al., 2024; Barrio-Hernandez et al., 2023), are publicly available and
we cite them accordingly. Hence, our data processing pipeline is fully reproducible. Next, our
new transformer architecture is explained in detail in Sec. 3.3 and App. N, with detailed module
visualizations in Figs. 5 and 24 and network hyperparameters in App. O. Inference time sampling
is described in Sec. 3.4 with additional algorithmic details in App. I. The corresponding sampling
hyperparameters are provided in App. O. Furthermore, how we evaluate the traditional protein
structure generation metrics is explained in detail in App. F and App. F.1, while our newly proposed
metrics (Sec. 3.5) are validated and explained in-depth in App. G. Moreover, to ensure our extensive
baseline comparisons are also reproducible, the corresponding details are described in App. P.

For model and code release, please see Prote�́na's GitHub repositoryhttps://github.com/
NVIDIA-Digital-Bio/proteina/ as well as our project pagehttps://research.
nvidia.com/labs/genair/proteina/ .

ETHICS STATEMENT

Protein design has been a grand challenge of molecular biology with many promising applications
bene�ting humanity. For instance, novel protein-based therapeutics, vaccines and antibodies created
by generative models hold the potential to unlock new therapies against disease. Moreover, carefully
engineered enzymes may �nd broad industrial applications and serve, for example, as biocatalysts
for green chemistry and in manufacturing. Novel protein structures may also yield new biomaterials
with applications in materials science. Beyond that, deep generative models encoding a general
understanding of protein structures may improve our understanding of protein biology itself. However,
it is important to be also aware of potentially harmful applications of generative models for de novo
protein design, for instance related to biosecurity. Therefore, protein generative models generally
need to be applied with an abundance of caution.
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A A DDITIONAL PROTÉINA SAMPLE V ISUALIZATIONS

In Fig. 9, we show additional protein backbones generated by Prote�́na, covering the entire chain
length spectrum of our model. These samples are generated without any conditioning. Furthermore,
in Fig. 10 we show additional fold class-conditioned samples and in Fig. 12 are visualizations of
successful motif-scaffolding.

Note that in all �gures all shown samples are designable, according to our de�nition of designability
(see App. F).

B MOTIF-SCAFFOLDING WITH PROTÉINA

To validate the performance of Prote�́na in conditional tasks beside fold conditioning, we implement
motif-scaffolding capabilities for Prote�́na and test its performance on the RFDiffusion benchmark
(Watson et al., 2023).

B.1 MOTIF-SCAFFOLDING IMPLEMENTATION

To enable Proté�na to perform motif-scaffolding, we add two additional features to our model via
embedding layers: the motif structure (with coordinates set to the origin for residues that are not part
of the motif) and a motif mask (1 for positions that are part of the motif, 0 for positions that are not).
In addition, we center the data (x1) and the noise (x0) not based on the overall centre of mass, but
only on the center of mass calculated over the motif coordinates.

At inference time, sampling is initialized as before but again centered based on the center of mass
calculated over the motif coordinates. We train a model with 60M parameters in the transformer
layers and 12M parameters in multiplicative triangle layers, using the same dataset and motif training
augmentation as Lin et al. (2024). We use a batch size of 5 and add an additional motif structure
auxiliary loss with a weight of 5 in addition to the losses discussed in 3.2. Compared to Lin et al.
(2024), in addition to specifying the structural constraints of the motif in the model pair representation,
we encode the masked motif coordinates in the sequence representation. Thus, given conditional
motif coordinates, the model is tasked with inpainting a designable scaffold. At inference time we
sample with a reduced noise scale, as done in the unconditional case, using
 = 0 :5.

B.2 MOTIF-SCAFFOLDING RESULTS

Motif-scaffolding performance is judged by common criteria outlined in previous work (Lin et al.,
2024; Watson et al., 2023):

• For each problem in the benchmark set by Watson et al. (2023), 1000 backbones are
generated.

• For each backbone, 8 ProteinMPNN sequences are generated with �xed sequences in the
motif region following the convention of Lin et al. (2024)
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