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ABSTRACT

Protein foundation models have advanced rapidly, with most approaches falling
into two dominant paradigms. Sequence-based language models (e.g., ESM-2)
capture sequence semantics at scale, and a number of recent works incorporate
structural signals into sequence encoders. MSA-based predictors (e.g., AlphaFold
2/3) achieve accurate folding by exploiting evolutionary couplings, but their re-
liance on homologous sequences makes them less reliable in highly mutated or
alignment-sparse regimes. We present FlexRibbon*, a pretrained protein model
that jointly learns from amino acid sequences and three-dimensional structures.
Our pretraining strategy combines masked language modeling with diffusion-
based denoising, enabling bidirectional sequence-structure learning without re-
quiring MSAs. Trained on both experimentally resolved structures and AlphaFold
2 predictions, FlexRibbon captures global folds as well as flexible conformations
critical for biological function. Evaluated across diverse tasks spanning inter-
face design, intermolecular interaction prediction, and protein function prediction,
FlexRibbon establishes new state-of-the-art performance on 12 different tasks,
with particularly strong gains in mutation-rich settings where MSA-based meth-
ods often struggle.

1 INTRODUCTION

Proteins are fundamental to nearly all biological processes, and modeling their sequences, structures,
and functions underpins biomedical and biotechnological advances ranging from enzyme engineer-
ing to therapeutic antibody design. Recently, protein foundation models (PFMs) have emerged as
a unifying framework that leverages large-scale data and deep learning to capture the principles of
protein biology, offering new opportunities for both understanding and design. The development
of PFMs has followed two main trajectories. One line of work builds on sequence-only language
models (PLMs) such as ESM-2 (Lin et al., [2023) and ProtT5 (Pokharel et al., |2022)), which lever-
age large corpora of protein sequences to learn universal embeddings. These models are broadly
applicable and computationally efficient, but the lack of physical relevance, particularly informa-
tion about three-dimensional geometry, limits their ability to capture the structural basis of pro-
tein function. Several subsequent efforts enrich sequence models with structural cues—such as
injecting residue-level geometric features (Bepler & Berger, 2019), incorporating template-based or
graph-based structural information (Heinzinger et al., 2024), distilling representations from struc-
ture predictors into sequence encoders (Ouyang-Zhang et al., [2025} |Zhang et al., 2024), or perform
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structure-conditioned sequence design (Zheng et al.,| 2023). These approaches improve structural
awareness but remain fundamentally sequence-centric: structure is used as an auxiliary signal rather
than being jointly modeled, and atomic-level geometry is not learned generatively or bidirectionally.

Another line is represented by multiple sequence alignment (MSA) based structure predictors, exem-
pli ed by AlphaFold 2/3 (Jumper et al., 2021; Abramson el al., 2024), which exploit evolutionary
couplings encoded in MSAs to achieve striking accuracy in structure prediction. Yet, this depen-
dence on homologous sequences introduces sensitivity: when alignments are shallow, sparse, or
disrupted by extensive mutation, the predictive signal degrades. As a result, critical scenarios such
as antibody CDR loops, intrinsically disordered interfaces, and rapidly evolving pathogens remain
inadequately addressed by either paradigm; in these settings, single-sequence models that bypass
MSAs and directly model individual sequences provide a more faithful way to capture exible and
highly mutated regions where alignment signals are weak.

We introduce FlexRibbon, a 3-billion-parameter pretrained protein model that learns directly from
amino acid sequences and large-scale structural corpora, including experimentally resolved struc-
tures (Berman et al., 2000) and AlphaFold 2 predicted structures (Varadi et al., 2024). Unlike
sequence-only models or predictors that impose a one-way sequence-to-structure mapping, FlexRib-
bon integrates sequence and structure signals from the outset: each residue is represented by a single
embedding that combines sequence identity with structural context. The training strategy couples
masked language modeling on sequences with diffusion-based denoising on structures, enabling
the model to capture bidirectional sequence-structure dependencies and support full-atom structure
generation. To address the variable con dence of predicted structures, we introduce an adaptive loss
that selectively weights low-con dence regions, extracting useful signal while avoiding over tting

to unreliable geometry. Previous joint models were designed primarily for structure prediction, but
the high memory cost of full-atom representations made the structural component dif cult to scale,
so most parameters ended up concentrated on the sequence side. FlexRibbon overcomes this limita-
tion with a hierarchical modeling strategy that allocates scalable capacity across both sequence and
structure, allowing ef cient large-scale structural learning alongside sequence semantics.

We systematically evaluate FlexRibbon across three broad task families: (i) exible interface predic-
tion and design, such as antibody/nanobody CDR modeling and peptide binding; (ii) intermolecular
interaction prediction, including protein-ligand docking prediction, ligand-induced conformational
change, and protein-ligand af nity prediction; and (iii) protein function prediction, such as gene
ontology and enzyme activity. Across these categories, FlexRibbon achieves state-of-the-art perfor-
mance, with especially strong improvements in mutation-rich settings where MSA-based methods
often struggle. Beyond outperforming existing models, our results highlight the consistent advan-
tages of joint sequence-structure pretraining. The key contributions are:

» Proposing a novel pretraining strategy for FlexRibbon that uni es protein structure prediction and
design by combining masked language modeling with diffusion-based denoising, thereby learning
a bidirectional sequence-structure mapping rather than a one-way sequence-to-structure mapping.

« Introducing a hierarchical modeling strategy that balances scalable capacity across sequence and
structure representations, overcoming the memory bottlenecks of full-atom models and enabling
structural representations to scale effectively.

» Showing that FlexRibbon enables co-design of protein sequence and structure, delivering substan-
tial improvements on exible and highly mutated regions such as antibody/nanobody CDR loops
and peptide-binding interfaces, where MSA-based models struggle.

» Demonstrating consistent gains across 12 tasks spanning exible interface modeling, intermolecu-
lar interactions, and protein function prediction, showing that sequence-structure pretraining trans-
fers broadly beyond protein folding.

2 RELATED WORKS

Protein foundation models. PFMs learn transferable protein representations for diverse tasks.
Early PFMs were sequence-only language models such as ESM-1b/ESM-2 (Rives et al., 2021; Lin
et al., 2023) and ProtT5 (Pokharel et al., 2022), trained on large sequence corpora but limited by the
absence of geometric priors. A number of follow-up efforts investigates how structural knowledge
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can inform sequence models, exploring ideas such as learning embeddings shaped by structural sim-
ilarity (Bepler & Berger, 2019), leveraging template-based or topology-aware encoders (Heinzinger
et al., 2024), transferring internal states from structure prediction networks (Ouyang-Zhang et al.,
2025; Zhang et al., 2024), and designing sequences conditioned on known folds (Zheng et al., 2023).
In contrast, structure-centric PFMs such as AlphaFold2/3 (Jumper et al., 2021; Abramson et al.,
2024) leverage MSA and templates to achieve high-accuracy folding, yet degrade in highly mutated
or low-homology regions. More recently, PFMs have moved toward multimodal, structure-aware
pretraining. ESM-3 (Hayes et al., 2025) uni es sequence, structure, and function in a frontier gen-
erative model. DPLM-2 (Wang et al., 2025b) extends diffusion protein language models (PLMs) to
jointly model both sequences and structures via structure tokenization.

Antibody design. Antibody design methods can be broadly categorized into sequence-based and
structure-based approaches. On the sequence side, general-purpose PLMs such as ProtBert (Elnag-
gar et al., 2021) provide strong baselines for paratope prediction, mutation recovery, and antibody li-
brary generation. More specialized pretraining frameworks such as SFM-Protein (He et al., 2024) in-
troduce masked language modeling with pairwise and span-level objectives, showing improved per-
formance on CDR-H3 benchmarks. In addition, graph neural network methods like ABGNN (Gao
et al., 2023) and Re neGNN (Jin et al., 2022) attempt to couple sequence embeddings with lo-
cal structural context, while knowledge-driven frameworks such as RosettaAntibodyDesign (Adolf-
Bryfogle et al., 2018) remain widely used in practice. On the structure side, diffusion-based models
such as DiffAb (Luo et al., 2022) generate CDR loops conditioned on antigen structures, enabling
co-design of sequence and structure, while dyMEAN (Kong et al., 2023b) and MEAN (Kong et al.,
2023a) extend this direction with E(3)-equivariant architectures for full-atom design. More recently,
IgGM (Wang et al., 2025a) expands design capabilities to antibodies and nanobodies by producing
antigen-speci c complexes. Together, these approaches demonstrate the promise of combining se-
guence information and structural priors for exible and functional antibody design.

3 METHODS

3.1 DIFFUSION PRETRAINING

We employ diffusion modeling as a generative pretraining objective for protein structures. A struc-
ture R 2 R3N is represented by the 3D coordinates of all heavy atoms. Following Karras et al.
(2022) (also adopted by AlphaFold 3), we connect the data distribution p(R) with Gaussian noise
Psrc through a variance-exploding process (Song et al., 2021):

Rt=Ro+ ;] N(O; 1);
where ; increases with time t. Sampling amounts to reversing this process, which requires learn-

ing the score function rlogp. We approximate it with a neural network(R;t), equivalently
parameterized as:

D (Rit) R
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t
where D (R;t) denotes model output. The effective learning objective amounts to denoising loss:
. 2
min Epey Wt Epr o) EprjRo) D (Ri;Y) R o 7 (2)

with a time-step sampler p(t) and weight wA key challenge is ensuring invariance to rigid-body
transformations. We remove translational freedom by centering structures on the center of mass, and
enforce rotational invariance by augmenting data with random SO(3) rotations, instead of relying
on heavy SO(3)-equivariant architecturesifider et al., 2020) that may also introduce undesired

re ection symmetry. We also found that alignment-based objectives (Xu et al., 2022; Abramson
et al., 2024) did not improve training stability in our settings but added the risk of improper sam-
pling (Wohlwend et al., 2025). Further details are provided in Appendix C.6.

3.2 ARCHITECTURE

Our architecture is organized in three stages: sequence module, coarse-grained structure module,
and all-atom structure module (Fig. 1 and Fig. 7). This balances ef ciency and expressivity: coarse-
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Figure 1: FlexRibbon framework. The model architecture consists of three modules: (i) a sequence
module that encodes masked protein sequences and ligand topologies, (ii) a coarse-grained structure
module that encodes residue-level structural information, and (iii) an all-atom structure module
that re nes these representations into chemically consistent coordinates. The framework combines
diffusion-based denoising with sequence recovery, enabling joint alignment of sequence, residue,
and atomic representations for complex modeling. Downstream tasks, including antibody/nanobody
design, intermolecular interactions modeling and protein function prediction, are supported.

grained modeling captures global protein-ligand organization, while the all-atom stage ensures ne-
grained structural accuracy. Table 4 shows the architectural hyperparameters.

Sequence Module. The sequence module jointly embeds protein residues and small-molecule atoms
into a uni ed representation space. For protein residues, we apply a standard Transformer encoder
(Appendix B) with rotary position embeddings (Su et al., 2023), focusing purely on sequence-
derived semantics. To incorporate covalent-bond information of small molecules, we apply a small
MLP to the atom-type embeddings to produce a 2D bond feature matrix. This learned projection
enables the model to recover the covalent bonding pattern from atom identities through a single
MLP layer, rather than relying on handcrafted bond encodings. The combined representations de-
ne a residue-atom graph, which is further re ned by a pair-feature update module that models
residue-residue and residue-atom interactions.

Coarse-grained Structure Module. The coarse-grained structure module employs a Diffusion
Transformer (DiT) (Peebles & Xie, 2023) to denoise coordinates at residue level for proteins and
atom level for small molecules. Each residue is represented as a coarse structural anchor, while
each ligand atom is represented by a position embedding derived from its noised coordinates. The
module conditions on embeddings from the sequence module to guide denoising.

All-atom Structure Module. The all-atom structure module employs a DiT where each atom of
proteins is represented explicitly. Noised 3D coordinates of all atoms are encoded into position
features that serve as token inputs. The coarse-grained outputs are broadcast to all atoms of each
residue, providing residue-level guidance as conditional input. To preserve chemical validity, learn-
able attention biases are added to atom pairs connected by covalent bonds, combining atom-type
and bond-type embeddings as additive bias terms in the attention map. This re nement stage allows
the model to reconcile global residue-level context with detailed atomic-level interactions, yielding
chemically consistent and high-resolution structures.
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3.3 STRUCTURE-INFORMED MASKED LANGUAGE MODEL (SIMLM)

Masked language modeling (MLM) (Kenton & Toutanova, 2019; Lin et al., 2023) has proven effec-
tive for predicting masked amino acids in protein sequences. In the spirit of unifying sequence and
structure, the masked positions should be inferred from correlations within the surrounding sequence
and re ect the structural context that these residues possess. To realize this principle, we extend
MLM beyond sequence-only inputs by integrating diffusion-based noise into structural representa-
tions, yielding a structure-informed masked language model (SIMLM). This formulation couples
sequence recovery with structural denoising, thereby reinforcing the mapping between amino acid
identity and three-dimensional conformation.

Concretely, we integrate MLM and diffusion through three complementary training modes. Mode 1
(Sequence-to-Structure): standard diffusion-based structure reconstruction, where clean sequences
condition the generation of noisy structures. Mode 2 (Coupled Perturbation): for 15% of residues
selected at random, mask the amino acid type and add diffusion noise to their local structures,
while leaving all other tokens and structures unperturbed. Mode 3 (Sequence-Masked Global
Perturbation): randomly select 15% of residues for type masking, while applying diffusion noise

to the structures of all residues.

Through these modes, the model alternates between one-way mapping, localized joint perturbation,
and global perturbation, which together encourage robust learning of the bidirectional relationship
between protein sequences and structures. These allow the model to capture not only sequence-
level regularities but also the structural constraints and variability that underlie protein evolution
and function. More details are provided in Appendix C.3.

3.4 TRAINING AND SAMPLING

Loss function. Our training objective integrates four complementary components to balance coor-
dinate accuracy, sequence recovery, and structural plausibility. The overall loss is de ned as

L=L mse+L mm +L pist + L smooth-iDDT.

Here, Lyse denotes the diffusion pretraining loss function given in Eq. (2)\ improves
sequence-level representation through masked residue predicggirelgularizes predicted inter-
residue distances to maintain realistic tertiary structure geometry, andiuboor aligns training
with widely used structure quality metrics by emphasizing local geometric accuracy.

Training. Pretraining is organized into two progressive stages. Stage A optimizes all components
except Ly , training on proteins with up to 384 residues. Deferring MLM at this stage avoids the
instability that arises when it is introduced too early, while the residue cap improves ef ciency and
helps the model prioritize learning core structural regularities. Stage B expands the input length to
768 residues and incorporateg by, enabling stable joint optimization of sequence and structure

on larger scales. In both stages, we include a con dence-weighted diffusion loss that scales residue-
level contributions by pLDDT-derived sigmoid weights, reducing noise from low-con dence re-
gions while emphasizing reliable structural signals. Stage C further extends the maximum sequence
length to 1024 residues and introduces training of the con dence head, allowing the model to learn
calibrated residue-level uncertainty estimates alongside structure generation. By jointly optimizing
structural, sequence, and con dence objectives at full sequence scale, Stage C consolidates earlier-
stage representations and equips the model with robust long-range reasoning ability and reliable
self-assessment. More details are provided in Appendix C.5.

Sampling. The sampling procedure is the simulation of the reverse process. By leveraging the
relation of the denoising model to the score model in Eq. (1), we have:

Ro P sic =N(O; '|2'|);

D (Ry;t R
Run = Ry + %( Tt T th ) €)
t
We follow similar modi cations as used in AlphaFold 3 (Abramson et al., 2024, Karras et al., 2022),
but forgo applying the random rotation at each sampling step as orientation alignment is not used in
the loss function. Hence, the model learns the correct output orientation relative to the input. The
detailed sampling algorithm is presented in Appendix C.7.
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Figure 2: Success rates of structure prediction for antibodies, nanobodies, and peptides. tFold-
Ag and AlphaFold 3 take MSA information as input. IgGM, dyMEAN, and FlexRibbon leverage
antigen structural information. All methods, except AlphaFold 3, additionally incorporate epitope
information. Results except FlexRibbon are taken from Wang et al. (2025a).

4 EXPERIMENTS

We use entries from the AlphaFold Protein Structure Database (AFDB, CC-BY 4.0 License) (Varadi
et al., 2024) and the Protein Data Bank (PDB, CCO0 1.0 License) (Berman et al., 2000) released on
or before 2021-09-30 for pretraining (Appendix A). For downstream evaluation, we consider three
major task families: (i) Flexible interface prediction and design, spanning ve tasks involving
antigen—antibody, antigen—nanobody, and protein—peptide complexes; (ii) Intermolecular interac-
tion prediction, including three tasks centered on protein—ligand binding; and (iii) Protein function
prediction, comprising four tasks focused on functional annotation. In addition, we employ a con -
dence head that predicts pLDDT and PAE; following AlphaFold 3, we compute pTM directly from
the predicted PAE to provide a consistent estimate of global structural accuracy.

4.1 FLEXIBLE INTERFACE PREDICTION AND DESIGN

Biomolecules with exible binding interfaces are dif cult to model and design (Wu et al., 2025).
Antibodies, nanobodies, and peptides are key examples, as their functions depend on exible bind-
ing (Wu et al., 2023). This exibility allows them to target diverse molecules, but also makes
structure prediction challenging. To study this problem, we introduce tasks on exible interface
modeling, including antigen-antibody, antigen-nanobody, and protein-peptide complexes. Each task
is de ned as: given the sequence or structure of the components, predict the structure of the com-
plex. To avoid overlap, protein chains in the test sets share at most 40% sequence identity with the
training data. We focus on two tasks: interface structure prediction and interface design.

Antibody and nanobody interface prediction is a cornerstone of structural immunology, as ac-
curate modeling underpins antibody discovery and therapeutic engineering. Nanobodies can be
regarded as single-domain antibodies derived from VHH fragments (Harmsen & De Haard, 2007),
allowing both classes to be modeled within a shared framework. For this task, we follow the eval-
uation procedure of IgGM (Wang et al., 2025a), measuring performance by the success rate (SR)
based on the DockQ (Mirabello & Wallner, 2024) score, with a threshold of DockQ 0:23. Exper-
iments are conducted on the SAb23H2 test set from IgGM, where we compare FlexRibbon against
the structure prediction models AlphaFold 3 and tFold-Ag (Wu et al., 2024a), as well as the anti-
body design methods dyMEAN (Kong et al., 2023b) and IgGM. Following the IgGM protocol, we
predict antigen-antibody (-nanobody) complex structures given the antigen sequence and antibody
(nanobody) sequence. As shown in Fig. 2, FlexRibbon achieves success rates of 61.3% for antigen-
antibody and 51.1% for antigen-nanobody complexes, yielding absolute improvements of 14.6%
and 7.1% over IgGM, respectively. These results demonstrate that FlexRibbon effectively models
antigen-antibody and antigen-nanobody interactions (Tables 7 and 8).

Protein-peptide interface prediction is another important scenario, as peptides often act as recog-
nition motifs or regulators for diverse cellular processes. We use FoldBench (Xu et al., 2025) as the
benchmark. We follow the FoldBench evaluation protocol, also reporting the success rate based on
DockQ. FlexRibbon is compared with the structure prediction model AlphaFold 3 and the peptide
design method PepGLAD (Kong et al., 2025). As shown in Fig. 2, FlexRibbon achieves an SR of
91.4%, exceeding AlphaFold 3 and PepGLAD by 7.0% and 10.2%, respectively. These ndings
suggest that FlexRibbon generalizes well to exible peptide-protein binding scenarios (Table 9).






	Introduction
	Related Works
	Methods
	Diffusion Pretraining
	Architecture
	Structure-Informed Masked Language Model (SIMLM)
	Training and Sampling

	Experiments
	Flexible interface prediction and design
	Intermolecular interaction prediction
	Protein function prediction
	Confidence Head

	Conclusion
	Data
	Architecture
	Training and Inference
	Confidence-weighted diffusion loss.
	Inter-residue distance loss.
	Structure-informed Masked Language Modeling (SIMLM) loss.
	Smooth-lDDT loss.
	Training Recipe.
	Diffusion training details
	Sampling procedure
	Inference time and memory

	Experiments Details
	Antibody and nanobody interface prediction
	Protein-peptide interface prediction
	Antibody and nanobody design
	Protein-ligand docking prediction
	Ligand-induced conformational change prediction
	Protein-ligand binding affinity prediction
	EC number prediction
	GO term prediction
	Protein structure prediction
	Finetuning time and memory
	Disordered region prediction

	Usage of LLM

