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Abstract— Predicting protein structures remains a key challenge in computational biology,
crucial for purposes such as drug development, enzyme creation, and comprehending disease
mechanisms. Recent progress in deep learning, particularly with diffusion-based models, has
greatly enhanced prediction accuracy. These models concurrently refine amino acid sequences
and 3D structures, facilitating the creation of stable and functional proteins. Techniques such as
RFdiffusion and PRO- LDM employ advanced neural networks and diffusion processes to
create innovative protein frameworks. Nevertheless, the lack of experimental confirmation for
numerous predicted structures brings up issues regarding their stability and functionality in
real-world applications. Tackling these issues might include hybrid modeling methods that
merge diffusion techniques with reinforcement learning and physics-informed force fields.
Moreover, broadening access via cloud-based platforms can make the utilization of these
advanced tools more democratic. This review emphasizes recent advancements, essential
methods, and upcoming trends in diffusion-based protein structure prediction.
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1. INTRODUCTION

Anticipating protein structures is central to computational biology, facilitating advancements in drug
development, enzyme engineering, and enhancing our comprehension of disease mechanisms. Although
conventional physics-based models established the foundation, they frequently lack in terms of speed and
scalability. Recent advancements in deep learning particularly diffusion-based models have reshaped the field by
understanding intricate sequence-to-structure connections from large datasets, achieving significant
improvements in accuracy and efficiency [7, 15].

Diffusion methods enhance noisy structural representations by employing iterative neural-driven denoising,
successfully co- designing amino acid sequences alongside three-dimensional structures. For example,
RFdiffusion utilizes a RoseTTAFold framework to create high-quality antibody structures supported by
experimental evidence [1], while DiffPack employs torsional diffusion for accurate side-chain packing in newly
designed proteins [2]. Additional innovative tools, including FrameDiPT for structural inpainting [8] and PRO-
LDM for conditional sequence generation [10], further demonstrate the adaptability of this paradigm.
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Despite of these achievements, difficulties continue. Models such as AbDiffuser provide intricate antibody
designs but require significant GPU resources, hindering wider use [1]. Data scarcity in specific protein classes,
especially membrane proteins, limits model generalization [9], while the high-dimensional latent spaces may
obscure the reasoning behind predictions [15]. Additionally, numerous designs are pending thorough
experimental verification, which brings up concerns about their actual stability and performance in real-world
applications [4]. To tackle these challenges, researchers are investigating hybrid approaches merging diffusion
with reinforcement learning to apply biochemical constraints [17] or incorporating physics- informed force fields
for improved energy landscapes [5]. The emergence of cloud-based platforms offers the potential to democratize
access, enabling a broader community to utilize these potent design tools [6].

II. KEY METHODOLOGICAL INNOVATIONS

A. Special Euclidean group in 3D (SE(3))-Equivariant Diffusion for Structural Modeling

SE(3)-equivariant diffusion models ensure stable predictions during rotations and translations, crucial for
accurate protein modeling. AbDiffuser utilizes an SE(3)-equivariant framework alongside an Aligned Protein
Mixer to create spatially stable antibody structures, showing remarkable effectiveness in therapeutic
enhancement and Complementarity-Determining Region (CDR) loop modeling [1]. FrameDiPT enhances this
method for backbone inpainting by integrating Riemannian geometry, allowing for a template-free design of
monomers with high structural fidelity up to 500 residues [8].

These techniques provide numerous benefits. They guarantee uniformity in structure throughout spatial changes
and facilitate the creation of new scaffolds without depending on current templates. Their adaptability enables
focused enhancement of molecular characteristics, rendering them important for drug development and antibody
design. Nonetheless, these benefits entail a price. SE(3)-equivariant frameworks require considerable
computational power for both training and inference, and models such as AbDiffuser might need to be retrained
to extend their generalization beyond particular protein categories like antibodies. Moreover, establishing a
suitable diffusion center for SE(3) invariance continues to pose a technical difficulty [1, 8].

B. Torsional Diffusion for Side-Chain Packing

Torsional diffusion is centered on simulating the distribution of side-chain dihedral angles (y1—y4) via a diffusion
process within torsion space. DiffPack samples these angles sequentially within an autoregressive, SE(3)-
invariant network, resulting in 11- 13% enhancements in angle precision on CASP benchmarks by minimizing
steric clashes and optimizing side-chain placement [2].

The main benefit of torsional diffusion is its effective parameterization: focusing on torsion space allows these
models to need up to 60x fewer parameters while improving packing precision. They may also be combined with
current predictors such as AlphaFold2 to enhance side-chain modeling. On the negative side, sequential
sampling leads to slower inference, and the approach may have difficulty dealing with highly adaptable residues
(e.g., lysine) and the simultaneous diffusion of various torsion angles. Training these networks requires
meticulous management of valid residue conformations to guarantee stability and convergence [2].

C. Sequence—Structure Co-Design

Sequence-structure co-design frameworks enhance amino acid sequences and their three-dimensional
conformations simultaneously. For example, PRO-LDM employs conditional latent diffusion to produce
sequences that correspond to particular structural motifs, boosting physicochemical credibility and functional
capability [10]. In addition, latent diffusion techniques for generating full-atom structures investigate intricate
energy landscapes more comprehensively, expanding the de novo design possibilities for new proteins [9].

This co-design approach enables conditional generation depending on specific characteristics—like binding
affinity or stability—and can create high-quality, customized protein scaffolds. Designs are frequently validated
through computational means using tools such as Rosetta, achieving high scores in evaluations of structural
quality. However, co-design methods require considerable computational resources, especially for large proteins,
and numerous generated designs do not undergo thorough experimental validation. Balancing the optimization of
sequence and structure adds extra complexity, necessitating advanced fitness evaluation and iterative refinement
cycles [9, 10].

D. Conformational Sampling and Dynamics

Diffusion models for conformational sampling reveal protein dynamics and rare states that static structures fail to
show. Folding Diffusion utilizes diffusion to explore folding pathways and dynamic ensembles, offering insights
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into folding kinetics and intermediate structures [7]. Latent diffusion on contact maps facilitates the
identification of new protein folds by dispersing pairwise interaction maps, avoiding conventional fragment-
assembly methods and broadening the structural range [9].

This vibrant modeling technique records ongoing motion and reveals uncommon conformations, providing
crucial information for drug development and functional classification. Nonetheless, these models frequently
function at restricted resolution, lacking atomic-level specifics essential for particular applications. They
additionally demand significant computational resources to produce and assess extensive conformational
ensembles. Ultimately, confirming the predicted dynamics requires subsequent molecular dynamics simulations
or experimental methods, increasing the overall resource requirements [7, 9].

III. BREAKDOWN OF KEY METHODS

A. AbDiffuser (Antibody Design)

AbDiffuser is a physics-informed diffusion model that is SE(3)-equivariant, producing both antibody sequences
and their three-dimensional structures concurrently. Utilizing robust denoising priors and an Aligned Protein
Mixer, it generates full backbone and side-chain structures, supporting diverse sequence lengths while
controlling memory complexity. In vitro experiments with HER2 antibodies demonstrated elevated expression
levels and potent binding affinities, highlighting its practical application in the optimization of therapeutic
antibodies [1].

B. DiffPack (Side-Chain Packing)

DiffPack functions directly in the torsion angle domain (y1—ys) utilizing an SE(3)- invariant diffusion framework.
By systematically sampling torsion angles in an autoregressive fashion, it minimizes steric clashes and improves
side-chain positioning, resulting in significant accuracy gains on CASP benchmarks while maintaining a
compact model size [2].

C. PRO-LDM (Protein Sequence Design)

PRO-LDM utilizes conditional latent diffusion to produce amino acid sequences that correspond to designated
structural motifs. Functioning within a minimized latent space, it attains elevated sequence recovery rates on
standard datasets, although its efficiency declines for proteins surpassing ~300 residues [17].

D. MolDiffuser (Small Molecule Binding)

MolDiffuser employs a graph-oriented diffusion framework to simulate protein—ligand interactions at an atomic
level. It has surpassed conventional docking techniques such as AutoDock in binding precision for small ligands
(<500 Da), emphasizing its promise in drug development [19].

E. EnsembleDiff (Conformational Ensembles)

EnsembleDiff represents protein flexibility by creating ensembles of conformations via diffusion-driven shifts
among functional states. Confirmed by NMR research on intrinsically disordered proteins, it offers insights into
dynamic structural landscapes [18].

HER2 Structure Generated binders

Fig 1. HER?2 antigen (beige) bound by colored antibody variants generated via AbDiffuser, demonstrating tailored interface engineering [1].
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F. RFdiffusion (Sequence—Structure Co-Design)

RFdiffusion incorporates diffusion methods within the RoseTTAFold framework, employing an “inpainting”
technique to maintain functional motifs—like enzyme active sites—while enhancing the adjacent areas. Its
collaborative design method has produced proteins with customized characteristics, such as luciferase variants
exhibiting increased brightness in yeast display tests [7].
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Fig 2. (a) RFdiffusion models iteratively transform random noise (XT) into realistic protein structures (X0) by denoising through multiple

steps. The model uses self-conditioning to update predictions with noisy inputs at each step. (b) RFdiffusion can generate protein structures

either unconditionally or conditionally by incorporating symmetric specifications, binding targets, or functional motifs, refining the output
through iterative noise reduction [7].

G. SymmDiff (Symmetric Assembly Design)

SymmDiff applies symmetry constraints throughout the diffusion process to create symmetric protein
complexes, like viral capsids. Its results have been validated through high-resolution crystallography,
showcasing accurate assembly abilities [8].

H. FlexiFold (Modeling Flexible Regions)

FlexiFold focuses on intrinsically disordered areas by utilizing backbone diffusion. It is superior in modeling
dynamic disorder and adaptable loops, surpassing inflexible models such as AlphaFold2 in IDP scenarios [5].

L InteractDiff (Protein—Protein Interactions)

InteractDiff utilizes interaction-aware diffusion to forecast protein— protein docking and the formation of
complexes. Confirmed by yeast two-hybrid assays, it improves interface modeling yet continues to be
computationally intensive for large assemblies [15].

J. DynamicDiffusion (Modeling Based on Time)

DynamicDiffusion utilizes time-dependent diffusion to replicate folding pathways and intermediate
configurations, providing intricate insights into kinetic transitions essential for stability and functionality [7].

K. FoldSampler (Folding Pathway Prediction)

FoldSampler utilizes stochastic diffusion on contact maps to forecast varied folding pathways. By investigating
various folding routes, it enhances static forecasts and expands the conformational search area [9].

L. FrameDiff (Backbone Frame Creation)

FrameDiff utilizes SE(3) diffusion alongside Riemannian geometry to generate backbone frames from scratch,
reaching lengths of up to 500 residues. It precisely produces backbone conformations without templates,
enhancing de novo design abilities [3].
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Fig 3. (a) Residue representation using a local frame from Gram—(a) Local frame representation of residues using Gram— Schmidt vectors
and torsion angle . (b) Inference Sampling frames, applying SE(3) diffusion, and predicting y to reconstruct the backbone [3].

IV. SHARED CHALLENGES ACROSS DIFFUSION APPROACHES

Even with advancements in diffusion-based models for protein design, there are still challenges that hinder their
practical use and wider acceptance. These challenges are connected with computational requirements, issues of
interpretability, and the disparity between computational forecasts and experimental confirmation.

A. Limitations in Computation and Data

Models based on diffusion, like AbDiffuser and DiffPack, are resource-intensive, frequently needing significant
computational power for both training and inference [1]. This constraint decreases accessibility, particularly for
researchers with minimal computational resources. Furthermore, these models rely on high-quality datasets,
which are not consistently accessible across all protein classes. For instance, membrane proteins frequently have
insufficient data, which complicates the process of generalizing model performance to these underrepresented
categories. Tackling these limitations necessitates creative strategies to improve computational efficiency and
increase data diversity.

B. Interpretability of the Model

A major difficulty with diffusion models is their interpretability. These models are frequently viewed as 'black
boxes' since they do not easily clarify the reasons behind specific design choices. Although methods such as
saliency maps and attention mechanisms have been developed to improve model transparency, they are still in
preliminary stages and do not offer comprehensive insights [2]. This absence of interpretability hinders the use
of diffusion models in areas where grasping the reasoning behind predictions is essential, like therapeutic protein
development and clinical settings.

C. Validation through Experiments

A key limitation of diffusion-driven protein design techniques is the disparity between computational forecasts
and practical performance. Numerous models, particularly those created for antibody development, are mainly
validated using computational metrics. Nonetheless, the true functional performance may vary considerably. For
example, certain antibodies produced through diffusion models showed decreased binding affinity in
experimental tests, indicating a possible overfitting to structural traits while compromising functional properties

[3].

V. ETHICAL AND BIOSECURITY CONSIDERATIONS

The rapid progress of generative diffusion models in protein design also raises important ethical and biosecurity
concerns. While these models have transformative potential in drug discovery, enzyme engineering, and
biomaterials, their misuse for designing harmful proteins or synthetic pathogens cannot be ignored. Ensuring
responsible deployment requires strict adherence to biosafety regulations, transparent reporting of limitations,
and controlled access to sensitive datasets and trained models. Furthermore, collaboration with policymakers,

2527



ethicists, and regulatory bodies is essential to establish guidelines for safe and secure use. Integrating safeguards
such as user authentication, monitoring of design outputs, and ethical oversight frameworks will be critical to
prevent misuse while enabling beneficial scientific applications.

VI. KEY TAKEAWAYS

» Diffusion-based models have significantly advanced protein design, enabling backbone generation, side-
chain packing, antibody optimization, and ligand interaction modeling.

» Despite impressive progress, challenges remain in computational cost, model interpretability, and lack of
large-scale wet-lab validation.

» Hybrid approaches that integrate diffusion with reinforcement learning or physics-based energy functions
offer a promising direction.

» Cloud-based and user-friendly platforms can broaden accessibility, fostering adoption across disciplines.

» Among the surveyed methods, AbDiffuser, RFdiffusion, and DiffDock appear most promising for practical
applications due to their demonstrated accuracy and experimental validation.

VII. CONCLUSION

Models based on diffusion have greatly progressed protein structure prediction, providing enhanced accuracy,
versatility, and creative design options. These models are customized for particular tasks, including antibody
design (AbDiffuser), side-chain packing (DiffPack), backbone generation (FrameDiff), and protein-ligand
interactions (MolDiffuser), rendering them essential in areas such as structural biology and drug discovery [1,2].
Utilizing distinct algorithmic methods, every model tackles a specific niche, enabling more focused applications.
In spite of their significant advantages, diffusion-based models continue to encounter various obstacles. Elevated
computational expenses continue to pose a major hurdle, especially for models that employ SE(3)-equivariant
and time-dependent structures, necessitating considerable resources for both training and inference [3].
Moreover, interpretability challenges remain, as numerous models function as "black boxes," restricting their use
in situations where grasping the reasoning behind predictions is essential [4]. Although certain models like
AbDiffuser and RFdiffusion have shown encouraging results in in vitro validation, others like FoldSampler and
ProDesign still need thorough biological testing to confirm their dependability [9,17].

To enhance the practical application of diffusion-driven protein modeling, future developments should focus on
hybrid modeling techniques that combine reinforcement learning (RL) with physics-based strategies to improve
prediction precision and biological significance [7]. Moreover, multiscale diffusion approaches that harmonize
global and local structural representations could greatly enhance computational efficiency without sacrificing
accuracy [8]. Improving accessibility via cloud-based platforms featuring intuitive interfaces will allow a
broader spectrum of researchers to effectively use these advanced techniques [9]. Tackling these challenges is
crucial for the wider acceptance and effective use of diffusion-based protein modeling in drug discovery,
bioengineering, and structural biology.generation (FrameDiff), and protein-ligand interactions (MolDiffuser),
rendering them essential in areas such as structural biology and drug discovery [1,2]. Utilizing distinct
algorithmic methods, every model tackles a specific niche, enabling more focused applications.

FUTURE DIRECTIONS

TABLE I: COMPREHENSIVE SUMMARY OF DIFFUSION-BASED PROTEIN MODELING METHODS

Method Application Key Innovation | Strengths Weaknesses Experimental Best For
Validation
AbDiffuser Antibody Design | SE(3)- High structural | High GPU | In vitro (binding | High-affinity
equivariant accuracy, demand, data- | assays) antibody design
diffusion + | spatial dependent
Frame invariance
averaging
DiffPack Side-Chain Torsional Steric clash | Slow None Side-chain
Packing diffusion in x- | minimization, autoregressive conformational
angle space fewer sampling fixes
parameters
FrameDiff Backbone Riemannian Template-free, | Limited to large | Cryo-EM Novel  protein
Generation SE(3) diffusion | novel fold | proteins (>500 fold generation
generation residues)
RFdiffusion Sequence- Conditional Functional Limited sequence | Yeast  display | Protein function
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Structure Co- | "inpainting" motif diversity assays optimization
Design with preservation
RoseTTAFold
DynamicDiff Conformational Time- Captures rare | Low  resolution | MD simulations Molecular
Sampling dependent molecular for dynamics dynamics
score networks states refinement
FoldSampler De Novo Fold | Contact map | Generation of | Low atomic-level | None Novel  protein
Generation diffusion novel folds accuracy generation
ProDesign Protein Sequence | Latent-space High sequence | Limited with long | None Designing novel
Design diffusion diversity, fast | sequences (>300 protein
sampling residues) sequences
MolDiffuser Small Molecule | Diffusion on | Captures Limited to small | Docking Drug-protein
Binding molecular ligand- protein | binding pockets simulations interaction
graphs interactions modeling
EnsembleDiff Conformational Multi-state Models High memory | NMR Protein
Ensembles diffusion multiple usage flexibility
functional studies
states
SymmDiff Symmetric Symmetry- Symmetric Limited to | X-ray Designing
Protein Design aware diffusion | oligomer symmetric crystallography symmetric
design systems protein
complexes
FlexiFold Flexible Region | Flexible Handles Low accuracy for | None Intrinsically
Modeling backbone disordered structured regions disordered
diffusion regions proteins
Method Application Key Innovation | Strengths Weaknesses Experimental Best For
Validation
InteractDiff Protein-Protein Interaction- Designs stable | Computationally Yeast two- | Predicting
Interactions guided protein expensive hybrid assays protein
diffusion complexes interactions

Diffusion-based models offer significant promise in protein design, yet realizing their full potential necessitates
enhancements in accuracy, efficiency, and accessibility. Upcoming studies ought to emphasize hybrid modeling
techniques, multiscale modeling, and the integration of dynamic interactions.
Hybrid modeling methods that integrate diffusion models with approaches such as reinforcement learning (RL)
and physics- based force fields can greatly improve protein design. For example, RL can enhance protein
sequences by taking into account practical limitations, while force fields can advance energy landscape
exploration, resulting in biologically relevant conformations. This collaboration may surpass existing constraints
by aligning model-driven creativity with physics-based precision.
Multiscale modeling tackles the issue of simultaneously capturing both global and local structural characteristics.
A hybrid method merging coarse-grained backbone diffusion with fine-grained side-chain diffusion might strike
a balance between computational efficiency and atomic-level accuracy, particularly in essential functional areas.

Integrating protein—protein and protein—ligand interactions is crucial for progressing drug discovery. By
incorporating interaction-aware mechanisms, models can better replicate binding dynamics and molecular
specificity, essential for therapeutic applications. Furthermore, creating intuitive, cloud-based platforms would
enhance accessibility, enabling researchers from various backgrounds to utilize these advanced tools.
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