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Abstract

Deep learning has revolutionized the prediction of biomolecular structures, yet
accurately identifying diverse intermolecular binding sites remains a persistent
challenge. Current state-of-the-art models often stagnate in dominant local min-
ima determined by co-evolutionary biases, failing to sample biologically critical
alternative conformations. Here we present DynaHelix, a framework that actively
steers the generative process to unlock diverse binding modes encoded within the
latent space of structure prediction models. Unlike methods relying on stochastic
perturbations of multiple sequence alignments, DynaHelix analyzes intermediate
pairwise feature to identify potential interaction hotspots. These are converted
into targeted geometric constraints that drive the diffusion model to explore spe-
cific, under-represented interfaces. We demonstrate that DynaHelix significantly
outperforms leading open-source models including Protenix, Chai-1, and Boltz-
1 across comprehensive benchmarks FoldBench and challenging targets from
CASP15 and CASP16. Notably, our approach achieves superior structural accu-
racy for complex antigen–antibody and protein–DNA interactions while reducing
the computational sampling budget by an order of magnitude. By enabling
deterministic control over the sampling landscape, DynaHelix offers a general-
izable pathway for resolving high-ambiguity molecular interactions essential for
mechanistic biology and drug discovery.

Keywords: Protein structure prediction, Binding site identification, Protein-protein
docking, Antibody–antigen docking, Protein–DNA interactions, Latent feature analysis
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1 Introduction

Interactions between molecules are fundamental to understanding the mechanisms of
life and are central to drug discovery and biotechnology. While recent deep learning-
based structure prediction tools show superior performance in predicting structures
from sequences [1–4], the principles governing the identification of binding interfaces
and their sampling space remain elusive. Previous studies suggest suggest that Multi-
ple Sequence Alignments (MSAs) provide a strong initial bias, constraining sampling
to a narrow region around this initial guess [5]. Consequently, a key limitation of these
models is that their sampling strategy often stagnates in local minima corresponding
to different interfaces, rather than exploring potential alternative binding modes to
find the global minimum, as conceptually illustrated in Fig. 1a. This inefficiency poses
a prohibitive computational burden. For instance, in the Critical Assessment of Tech-
niques for Protein Structure Prediction (CASP) 15 [6], AFsample [7, 8] required 6,000
sampling iterations for target H1144 to retrieve only five high-quality (high DockQ
[9]) samples, highlighting the inaccessibility to these binding modes to current meth-
ods. Similarly, in CASP16 Phase 2 [10, 11], where the committee provided over 8,040
predicted structures per participating group [12], a lack of structural diversity repre-
sents a substantial waste of computational resources. Therefore, developing methods to
retrieve an equivalent set of representative structures with significantly fewer sampling
iterations is essential for optimizing computational efficiency.

Recent open-source state-of-the-art (SOTA) structure prediction models, includ-
ing Chai-1 [13], Boltz-1 [14], and Protenix [15], adopt core architectures analogous
to AlphaFold3. These frameworks typically take molecular sequences and associated
MSAs as input, processing them through a pairformer module to yield a pairwise
feature z, which is subsequently utilized by a diffusion module to generate predicted
structures. To induce structural diversity within this deterministic framework, strate-
gies such as network dropout and MSA column-wise masking have been employed
to increase uncertainty, perturb the initial guess [7, 16]. While such perturbations
When combined with extensive sampling in AlphaFold2 [17], these perturbations can
significantly improve predictive accuracy. Additionally, research on MSA engineer-
ing indicates that techniques such as sub-sampling, mutations, and clustering can
enhance the diversity of the sampling space [18–23]. Furthermore, gradient descent
methods have been used to denoise subsampled MSA, helping the model converge to
maximize confidence scores [24]. However, these methods have significant limitations.
Adding dropout can result in the loss of core features, while offering only limited
diversity enhancement, and massive sampling is computationally inefficient. Moreover,
since MSA engineering relies heavily on the depth and coverage of available MSAs,
there remains no straightforward or intuitive strategy to effectively enhance diversity
without these drawbacks.

To overcome these MSA-dependent bottlenecks, one might look to alternative
sampling paradigms that bypass co-evolutionary signals entirely. Traditional pro-
tein–protein docking tools, such as ClusPro, HADDOCK and RosettaDock [25–27],
utilize Fast Fourier Transform (FFT) [28] to systematically explore the entire bind-
ing landscape. However, these methods are computationally demanding and largely
restricted to rigid-body docking, failing to account for the essential flexibility of protein
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interfaces. A more promising avenue emerges from recent architectures like Chai-1 and
Protenix that introduce a direct control mechanism via explicit geometric constraints.
In principle, such constraints can steer the generation process toward user-specified
pockets or specific molecular interactions, rendering structure prediction controllable.
However, a significant practical challenge persists because accurate constraints are
rarely known a priori and there is currently no standard methodology to reliably
retrieve or predict them.

We present an intuitive method to systematically govern the initial sampling guess
by capitalizing on the latent structural hypotheses encoded within the model itself.
While MSAs provide valuable evolutionary context, our approach advances beyond
reliance on their stochastic variation to drive diversity. By mining the latent pairwise
feature to identify high-probability interaction hotspots, we automatically generate
potential interface (PI) constraints. These constraints exert a targeted driving force
conceptually illustrated in Fig.1a that actively steers the sampling trajectory away
from initial evolutionary biases and toward the global minimum near the ground
truth structure. This explicit steering mechanism enables the discovery of novel bind-
ing modes and enhances generality to unseen targets, achieving superior structural
diversity with significantly reduced computational cost.

2 Model

Here, we present DynaHelix, a novel deep learning framework for multi-molecule
structure prediction capable of automatically sampling key binding modes encoded
within the pairwise feature space z. Building upon an architecture analogous to
AlphaFold3, DynaHelix integrates a specialized Potential Interface Finder (PIF) algo-
rithm. This module analyzes the z feature to identify critical cross-chain contact
patches between the receptor and binder, which are subsequently converted into inter-
face constraints. These constraints are fed back into the input embedder, effectively
steering the model to focus its sampling on specific receptor pockets and generating
distinct, interface-specific conformations, as outlined in Fig. 1b.

A central challenge in this field is the unsupervised identification of Potential
Interfaces (PIs). We observed that the predicted z feature implicitly encodes a super-
position of multiple binding modes rather than a single specific interface (section 3.1).
To address this, we developed the PIF algorithm, which first ranks interaction hotspots
based on cross-chain attention weights. It then identifies spatially coherent clusters
of receptor tokens that exhibit similar binding patterns. Similar interfaces are clus-
tered and representative centers are selected, yielding a top-k set of distinct interfaces
that guide the model to generate corresponding interface-specific structures (Fig. 1c,
section 3.2).

Since standard AlphaFold3-like architectures lack a native mechanism for
user-directed interface generation, we introduce a constraint model that steers sam-
pling toward the target sampling region based on user-defined constraints. To enable
this, a constraint embedder is trained to learn representations from randomly sam-
pled contact pairs extracted from ground-truth structures, allowing the model to
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interpret and adhere to spatial constraints during inference. (Fig. 1d, supplementary
section B.1).

In the following sections, we first demonstrate that the pair feature z governs the
sampling space and reveals the multiple binding modes hidden within it. We then
optimize key PIF parameters and analyze their impact on performance metrics. Sub-
sequently, we present detailed case studies to visualize the algorithm’s efficacy. Finally,
we provide a quantitative benchmarking of DynaHelix, demonstrating its superior per-
formance across diverse hetero-complexes, including antigen-antibody, protein-protein,
and protein-dsDNA (double-stranded DNA) interactions [29–31].

3 Results

3.1 The pair feature z governs the sampling space

The pair feature z is derived from the PairFormer using input sequences and MSAs,
and governs the sampling space by encoding token-level pairwise hidden states.
Although the final structures are realized by the downstream structure module, the
integrity of z is critical for valid generation. Previous work by Hayes et al. demon-
strated that replacing z with zero or randomized tensors induces structural collapse,
rendering the model unable to generate valid structures [32]. While methods such as
Entropy Guided Fold utilize an auxiliary loss function to modulate z to reduce struc-
tural bias in AlphaFold2 [33], and Boltz-sample employs a global scalar to enhance
the recovery of monomeric multi-states [34], we hypothesize that directly modifying z

can deterministically steer the model toward designed binding interfaces. We further
propose that using constraint embeddings significantly facilitates this goal. To eluci-
date the underlying mechanism, we investigated its behavior based on z across three
distinct molecular interaction types: antibody-antigen (PDB: 7R58), protein-protein
(PDB: 7UPM), and protein-dsDNA (PDB: 7EDS) [35–37].

The first row of Fig. 2a (i-iii) displays the raw pair embeddings z, where regions of
high intensity represent the most probable binding modes. Notably, a single seed with
a fixed MSA can reveal multiple PIs. In the case of 7R58, sampling was distributed
between two dominant interfaces, whereas for 7UPM and 7EDS, the sampled struc-
tures aligned primarily with the single dominant weighted regions (PI-1 and PI-2,
respectively). To determine if the magnitude of these weights directly dictates sam-
pling, we manually perturbed the embeddings by adding a scalar value of 50 to the
PI-1 and PI-2 regions (Row 2). As expected, increasing the weight of PI resulted in
the generated conformations having contact surfaces that align with PI. However, the
resulting structures frequently exhibited steric clashes or poor interface quality. This
suggests that while magnitude directs the location of sampling, the downstream struc-
ture module struggles to resolve the geometry of these artificially edited features, likely
because such distributions were not encountered during training. Finally, we exam-
ined the use of constraints to guide sampling, a mechanism employed by models such
as Chai-1 and Protenix (Row 3). Applying constraints yielded embeddings similar to
the manually edited versions but with coherent adjustments to the surrounding fea-
ture space. Unlike manual editing, this constraint-based approach produced physically
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valid structures with refined binding interfaces, evidenced by improved DockQ scores,
that strictly adhered to the target PIs across all three cases.

To quantitatively compare the different pair embeddings, we calculated the aver-
age normalized weight across all binder tokens for each respective receptor token.
These averaged token weights are presented as a line plot in Fig. 2b, where recep-
tor tokens corresponding to the designed PI region are highlighted in bold red along
the x-axis. The edited pair embedding (green triangles) exhibits significant boosting
of weights within the designated PI region while maintaining consistency with the
raw pair embedding (blue circles) in the non-PI regions. Conversely, while the con-
straint embedding (red stars) similarly enhances weights in the target PI region, it also
demonstrates coherent adjustments to the weights in the surrounding non-PI regions
relative to the baseline. This analysis provides further evidence that the constraint
mechanism induces a more coherent and naturally distributed feature space, enabling
the downstream structure module to adaptively predict well-refined structures of the
complex.

3.2 Automated discovery of potential binding interfaces

In practical scenarios where the ground truth binding site is unknown, accurate
interface identification is a prerequisite for successful complex structure prediction.
Building on the insights from section 3.1, we developed the PIF to autonomously
extract a finite set of high-probability binding interfaces directly from the pair fea-
ture z. As detailed in methods section 5.3, the PIF algorithm systematically identifies
potential interfaces, iteratively designating chains as the binder and ranking PIs by
their predicted weights. Each predicted interface defines a specific binder and a con-
stituent set of receptor tokens, thereby delineating the key interacting residues. The
efficacy of this automated search strategy relies on two governing hyperparameters:
τ ∈ [0, 1], which establishes a binding interface size threshold, and the sampling
depth k, which determines the number of top-ranked interfaces retained. Increasing
k expands the search space, theoretically improving the likelihood of capturing the
native interface, though at a higher computational cost.

To evaluate this approach, we employed a low-homology validation dataset com-
prising targets released after the training cutoff (supplementary section A.1). Fig. 3
characterizes the interface discovery performance across three distinct interaction
modalities. The “Hit Rate” (Fig. 3, column 1) quantifies the algorithm’s ability to
locate the correct binding pocket, defined as the retrieval of interfaces where at least
one predicted receptor token lies within 5 Å of the ground truth binder. We observed
a distinct gradient in which top-ranked interfaces (low k) exhibit significantly higher
accuracy than lower-ranked ones, validating the efficacy of the scoring function in
prioritizing native-like signals. Notably, the hit rate remains robust across varying τ

values, suggesting that the ranking mechanism is stable and less sensitive to the spe-
cific inclusion threshold than to the rank order. Among the modalities, Protein-dsDNA
complexes (Row c) presented the strongest structural signals, followed by Protein-
Protein complexes (Row b), while Antibody-Antigen complexes (Row a) proved the
most challenging due to the hypervariability of the paratope regions. We further
assessed the signal purity of the extracted constraints via “Interface Precision” (Fig. 3,
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column 2), which measures the proportion of true contacting tokens within a predicted
interface. As the strictness of the threshold τ increases, the precision of the identified
contacts improves markedly, demonstrating that higher confidence cutoffs effectively
filter out background noise to provide cleaner guidance signals for the structural mod-
ule. Consistent with the Hit Rate analysis, the highest-ranked predictions yielded
the highest fidelity, reinforcing the reliability of the PIF’s prioritization. The impact
of these search parameters on structural accuracy is shown in the DockQ scores for
the “Oracle” (best sampled structure) and “Top-1” scenarios (Fig. 3, columns 3 and
4). While expanding the search depth (k) initially improves the Oracle performance
by broadening the conformational search space, the benefits plateau around k = 5.
Beyond this point, further sampling yields diminishing returns, indicating that the top
5 candidates sufficiently capture the relevant functional subspace. Consequently, we
fixed k = 5 for subsequent analyses to maintain an optimal balance between prediction
accuracy and computational efficiency.

Finally, the analysis reveals that the optimal search parameters are dictated
by the interaction modality, mirroring the distinct physicochemical architectures of
the binding interfaces. Antibody-antigen complexes required the most stringent fil-
tering (τ = 0.9), likely because these interactions are mediated by hypervariable
complementarity-determining regions (CDRs), where high-affinity binding relies on a
concentrated set of key residues (hotspots) within a structurally constrained paratope
[38, 39]. Such architectures necessitate stricter thresholds to distinguish true signals
from background noise. In contrast, intermediate thresholds proved sufficient for the
other modalities (τ = 0.6 for protein-protein and τ = 0.5 for protein-dsDNA), con-
sistent with their broader interaction footprints. General protein-protein interactions
typically involve shape-complementary surfaces stabilized extensively by the burial of
hydrophobic patches [40, 41], while protein-dsDNA complexes rely on extensive con-
tact surfaces to read base sequences within the major and minor grooves [42, 43].
These widespread footprints yield robust geometric signals that are readily detected
even at lower confidence levels.

3.3 DynaHelix overcomes sampling traps in complex energy
landscapes

To empirically validate the efficacy of our DynaHelix framework, we revisited the
three challenging case studies introduced in section 3.1. We performed a comparative
analysis between DynaHelix and the Protenix base model (training details in supple-
mentary section B). Both models were subjected to a standardized inference protocol,
generating 125 candidate structures per target (details in supplementary section A.4)
to ensure a rigorous assessment of sampling capability.

Fig. 2c details the modeling landscapes for these distinct interaction modalities.
The scatter plots (top panels) delineate the relationship between the model’s self-
assigned confidence score and structural accuracy (DockQ). The base model (black
points) consistently fails to locate the native binding mode, producing only non-native
decoys with DockQ scores near zero. In contrast, DynaHelix (red points) successfully
samples high-accuracy conformations. Crucially, the model’s confidence head generally
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assigns higher ranking scores to these near-native structures, facilitating their distinc-
tion from incorrect decoys. This indicates that the PIF-derived constraints guide the
sampling process towards native-like basins, thereby enhancing the model’s ability to
prioritize correct binding modes within the sampled ensemble.

To further investigate the sampling landscape behavior, we projected the confor-
mational ensemble into a 2D latent space via Principal Component Analysis (PCA)
and overlaid an energy landscape calculated using Molecular Mechanics/General-
ized Born Surface Area (MM/GBSA) [44, 45]. By integrating gas-phase molecular
mechanics energies with an implicit continuum solvation model, MM/GBSA provides
a robust approximation of the binding free energy (∆Gbind), detailed in supplementary
section B.4. This metric quantifies the thermodynamic stability of the binder-receptor
interaction, serving as a physics-based validator independent of the deep learning
potentials. The resulting landscapes (Fig. 2c, bottom panels) reveal that the base
model exhibits restricted sampling capabilities, frequently becoming trapped in local
energy minima. For instance, in the antibody-antigen case (7R58), the base model
explores PI-1 and PI-2 but completely fails to access the native-like PI-3 region. Simi-
larly, in 7UPM and 7EDS, the base model is heavily biased toward a specific non-native
single region (PI-2), resulting in a narrow distribution of incorrect structures.

Conversely, DynaHelix demonstrates a comprehensive exploration of the free
energy landscape. By integrating potential interface constraints, the model successfully
traverses energy barriers to populate all three prioritized binding modes. As visual-
ized by the centroid structures (Fig. 2c, right), when the searched interface overlaps
with the ground truth, DynaHelix resolves the complex with high structural fidelity,
effectively escaping the local minima that confound the baseline approach.

3.4 Diverse interface sampling drives performance gains across
comprehensive benchmarks

To rigorously evaluate DynaHelix, we benchmarked its performance against three
state-of-the-art open-source structure models: Protenix, Chai-1, and Boltz-1 across
three datasets: an internal validation set, FoldBench [46], and CASP 15/16 [6, 10]. To
ensure a fair comparison, we enforced computational parity by standardizing the sam-
pling budget to 125 structures per target across all methods. Specifically, as DynaHelix
samples across five distinct predicted interfaces, we adjusted the baseline generation
protocols to match this total volume (detailed in supplementary section A.4). We
further introduced IfaceRanking (method section 5.4), a hierarchical selection metric
that identifies the optimal structure for each interface and ranks them to determine
the final top-k predictions. The following analysis reports performance based on the
Top-5 scenarios using this protocol.

Internal Validation: Isolating algorithmic contributions. To strictly eval-
uate the contribution of DynaHelix, we utilized a held-out validation set of low-
homology targets released after the training cutoff. We benchmarked DynaHelix
against two internal baselines: a Base model (unconstrained sampling) and a Site-
Oracle (sampling with constraints derived from the four closest ground-truth receptor
tokens). The Site-Oracle serves as a strong upper bound for local contact guidance.
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As illustrated in Fig. 4a, the antibody-antigen category presented the greatest chal-
lenge. While the Base model struggled (0.160 DockQ), the Site-Oracle achieved 0.515,
highlighting that accurate structures are generated if the interface is localized. Dyna-
Helix significantly bridged this gap, improving upon the Base model by +0.110 (0.160
to 0.270). Conversely, for protein-protein and protein-dsDNA complexes, the Base
model performance was already robust, resulting in narrower margins of improvement
(+0.11 and +0.03, respectively). Notably, however, DynaHelix outperformed the Site-
Oracle upper bound in both categories: +0.034 in protein-protein (0.557 vs. 0.523)
and +0.037 in protein-dsDNA (0.696 vs. 0.659). We hypothesize that while Site-Oracle
relies on rigid constraints from a localized patch (the closest tokens), DynaHelix identi-
fies spatially distinct contacts across the binding surface. These dynamic, multi-modal
constraints likely facilitate superior global structural accommodation compared to
rigid local proximity alone.

FoldBench: Robustness on unseen targets. To assess generalization, we eval-
uated performance on FoldBench [46], a comprehensive dataset released in late 2025
comprising recent PDB depositions. DynaHelix consistently surpassed all three SOTA
baselines across Oracle, Top-5, and Top-1 metrics. The performance advantage was
most pronounced in the antibody-antigen category (Fig. 4b). Specifically, DynaHelix-
IfaceRanking achieved a Top-5 score of 0.441, outperforming the second-best method,
Protenix (0.352), by a substantial margin of +0.089. Given the scale and currency of
this benchmark, these results underscore the method’s capacity to generalize effectively
to unseen targets.

CASP 15/16: Efficiency in high-difficulty regimes. We further tested
DynaHelix on critical targets from CASP15 (2022) and CASP16 (2024), represent-
ing high-difficulty benchmarks released after the training cutoff. The evaluation set
included 11 hetero-complexes from CASP15 and 6 antibody-antigen targets from
CASP16 (n=17, detailed in supplementary section A). Unlike typical CASP protocols
that utilize massive sampling (often > 1,000 seeds) [12], we restricted the budget to
100 random seeds to rigorously evaluate sampling efficiency (Fig. 4c). Under this con-
strained budget, DynaHelix established a commanding lead. In the Oracle metric, our
method reached a DockQ score of 0.663, surpassing the runner-up, Protenix (0.530),
by +0.133. In the practical Top-5 scenario, this gap widened further: DynaHelix-
IfaceRanking achieved 0.551, outperforming Protenix (0.365) by +0.186. This disparity
indicates that while current SOTA models struggle to resolve these challenging inter-
faces, DynaHelix successfully navigates the energy landscape. Finally, we analyzed
sampling efficiency (Fig. 4c, right). Remarkably, DynaHelix requires only 5 seeds to
match the performance of Protenix at 100 seeds. Furthermore, the performance curve
for DynaHelix maintains a steep upward trajectory at 100 seeds, suggesting that
additional compute would yield further structural refinements.

To provide a comprehensive qualitative assessment, Fig. 5a displays the struc-
tural predictions for all targets in the CASP dataset. In these visualizations, the best
structure predicted by DynaHelix is rendered in color and superimposed onto the
ground truth structure, which is shown in grey. A detailed quantitative breakdown
of these results is presented in Fig. 5b, where individual target scores are categorized
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by accuracy. We utilize a color-coded classification scheme to denote model perfor-
mance: red indicates failed predictions, while yellow, green, and blue correspond to
acceptable, medium, and high-accuracy predictions, respectively. Overall, DynaHelix
demonstrates robust performance across the dataset. The only notable failure case is
target H1129, where the model yielded a DockQ score below 0.23. Apart from this
specific outlier, the method consistently generates structures that closely align with
the ground truth.

4 Discussion

We have introduced DynaHelix, a deep learning framework designed to identify crit-
ical binding interfaces and improve structural prediction accuracy through enhanced
sampling diversity. We demonstrated that the system effectively locates potential bind-
ing interfaces via the pairwise feature z. These identified interfaces are converted into
constraint pairs that steer the model toward alternative binding modes, thereby pre-
venting the model from getting trapped in local minima. Extensive evaluation across
multiple benchmarks and diverse interaction types reveals DynaHelix significantly out-
performs baseline models. Furthermore, we posit that the mechanism elucidated in
this study can be adapted to other modern structure prediction architectures with
minimal modification effort.

Despite these successes, our current approach utilizes a relatively coarse con-
straint format, defined by contacts between all binder tokens and specific receptor
regions. Higher resolution constraints ranging from token-to-token to atom-to-atom
interactions could theoretically be decomposed from the pairwise feature z. While
implementing these granular constraints requires modification to the current method,
they hold particular promise for improving Protein-Protein and Protein-dsDNA pre-
dictions, cases where the model often identifies the general binding interface but lacks
precision in interfacial details.

A critical insight emerging from this study is the divergence between sampling
capability and ranking accuracy in modern structure prediction models. While Dyna-
Helix demonstrates a robust capacity to access near-native states, achieving a high
Oracle DockQ of 0.663 on the challenging CASP dataset, the ranking accuracy lags
behind, with a Top-1 score of 0.444. This divergence suggests that while the diffusion
architecture can be effectively steered to generate diverse, physically valid binding
modes, the model’s confidence head struggles to accurately distinguish the native solu-
tion from plausible decoys. We attribute this discrepancy to distributional shifts in
the confidence head, which appears overly sensitive to the constraint features. Because
the current training protocol relies on a limited number of static binding conforma-
tions, the confidence head is not exposed to diverse binding interfaces during training.
Future directions should leverage variable interface constraints to generate diverse
decoys, thereby training the confidence head on a more complete sampling space to
narrow the Oracle-Top-1 gap.

Additionally, the current PIF relies on a rule-based heuristic algorithm. An impor-
tant avenue for future research is the development of an end-to-end learnable module
capable of automatically decomposing the pairwise feature z into potential interfaces.
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Such an approach, while requiring significant modifications to the loss function and
training protocols, would likely enhance model robustness by replacing fixed heuristics
with data-driven feature extraction.

Finally, unlike traditional MSA engineering, DynaHelix offers a direct method for
modulating the pairwise feature z. These results demonstrate a viable path for explor-
ing the uncharted sampling space, potentially uncovering novel binding interactions
and contributing valuable insights to the field of structural biology.

5 Methods

5.1 Preliminary

The structure prediction model maps primary sequences to 3D atomic coordinates
through a hierarchical deep learning pipeline dependent on stochastic inputs. Formally,
given an input sequence set S and a random seed ϵ, the inference workflow is expressed
as a composition of functional modules:

Zϵ = Ψpair (Ωemb(S, ϵ)) (1)

xϵ = Φdiff (Zϵ) (2)

where Ωemb denotes the Input Embedder. The seed ϵ governs the stochastic subsam-
pling of MSA within Ωemb, resulting in specific latent embeddings. These embeddings
are processed by the pairformer Ψpair to generate a unique pairwise representation
Zϵ ∈ R

N×N×d corresponding to the seed. Finally, the Diffusion Structure Module Φdiff

takes these representations to generate the atomic coordinates xϵ.
To characterize the interaction interface for a specific prediction, we analyze the

contact probabilities and chain roles derived from this seed-specific pass. The dis-
tograms predicted by the model are converted into contact probability matrices
Pd ∈ [0, 1]N×N at thresholds d ∈ {8, 20} Å.

5.2 Constraint feature guides structure prediction

We formally define a geometric constraint set K as a tuple consisting of a target binder
chain cb and a selected subset of receptor token indices Ir:

K = (cb, Ir), where cb ∈ C, Ir ⊂ {1, . . . , N} \ indices(cb) (3)

The inference workflow is updated to incorporate these constraints via a residual
connection. The Constraint Embedder, denoted as Ωconst, maps K into the same latent
dimension as the sequence embeddings. The initial latent representation H is thus
computed as the sum of the sequence and constraint embeddings:

H = Ωemb(S, ϵ) + Ωconst(K) (4)
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Subsequently, this constraint-aware representation is propagated through the network
to generate the final structure:

xϵ,K = Φdiff (Ψpair (H)) (5)

Concurrently, the complex is partitioned into a Binder set B and a Receptor set R.
This assignment is determined by the biological modality of the input complex using
two distinct strategies:

• Automatic Selection: For general protein-protein and protein-dsDNA complexes,
we adopt an exhaustive one-vs-rest approach. Every chain c in the complex C is
iteratively designated as the binder, while the remaining chains serve as the receptor:

∀c ∈ C : B = {c}, R = C \ {c} (6)

• Rule-based Selection: For antibody-antigen complexes, we employ a determin-
istic assignment based on domain knowledge. Given that the heavy chain typically
dominates the paratope-epitope interaction, we strictly designate the antibody
heavy chain as the binder and the antigen chains as the receptor:

B = {cheavy}, R = Cantigen (7)

where cheavy denotes the heavy chain and Cantigen represents the set of antigen chains.

5.3 Potential Interface Finder

To systematically explore the interaction landscape and resolve ambiguities in binding
modes, we propose a Potential Interface Finder (PIF). This module analyzes the latent
pairwise feature Z from an initial prediction to identify high-confidence binding sites,
which are then converted into geometric constraints K to guide subsequent generative
steps. The process consists of three phases: hotspot scoring, patch expansion, and
hierarchical sampling.

Interaction Scoring and Similarity.
For a designated binder chain cb and a candidate receptor region (set of tokens

R), we extract the corresponding sub-tensor from the pairwise representation Z ∈
R

N×N×d. Let zij ∈ R
d denote the feature vector between a binder token i ∈ cb and a

receptor token j ∈ R. We define the interaction score sj for each receptor token j as
its maximum activation magnitude across all binder tokens, representing its likelihood
of being an interface residue:

sj = max
i∈cb

∥zij∥∞ (8)

where ∥ · ∥∞ denotes the maximum absolute value across the channel dimension.
To identify continuous surface patches, we further compute the interaction profile
similarity between any two receptor tokens j, k ∈ R. Let vj ∈ R

|cb|·d be the flattened
feature vector characterizing the interaction of receptor token j against the entire
binder chain. The similarity metric Sjk is defined as the cosine similarity between their

11
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profiles:

Sjk =
vj · vk

∥vj∥∥vk∥
(9)

High Sjk implies that tokens j and k share a similar “view” of the binder, suggesting
they belong to the same binding patch.

Patch Expansion and Clustering.
We employ a seed-and-expand strategy to delineate distinct interface patches:

1. Hotspot Identification: We iteratively select the receptor token j∗ with the
highest score sj∗ (among unassigned tokens) as a seed.

2. Patch Expansion: The seed aggregates neighboring tokens k that satisfy two
criteria: (1) high interaction profile similarity (Sj∗k > τ) and (2) spatial proxim-
ity based on the predicted contact probability (P20[j

∗, k] > δ). This results in a
candidate patch I, which is a set of contact receptor token indices.

3. Redundancy Filtering: To ensure diversity, we perform a second-level clustering.
Overlapping patches or those with high spatial connectivity are merged, and the
representative patch with the highest cumulative score is retained.

Constraint Generation and Sampling.
The identified patches are converted into geometric constraints to guide struc-

ture generation. For the top-M ranked patches, we construct a set of constraints
{K1, . . . ,KM}, where each Km = (cb, I

(m)). The final inference follows a hierarchical
sampling protocol:

• Step 1 (Exploration): For a given random seed ϵ, we generate an initial prediction
to compute Zϵ and identify the top M = 5 PIs.

• Step 2 (Refinement): For each identified interface constraint Km, we generate
K = 5 structural samples using the constraint-aware workflow described in Eq. (6).

This strategy effectively decomposes the complex global optimization problem into
localized sub-problems, ensuring that the model explicitly explores the most probable
binding modes suggested by its own latent features.

5.4 Interface Ranking Score

Standard ranking scores often exhibit bias when explicit geometric constraints are
applied, as the model may hallucinate high confidence to satisfy the input conditions
regardless of biological plausibility. To mitigate this, we introduce the Interface Rank-
ing Score (IfaceRanking), a consensus-based metric that evaluates the reproducibility
of binding modes across stochastic runs.

Clustering via Jaccard Distance. We quantify the geometric dissimilarity
between two predicted interfaces, defined as contact token sets Ii and Ij , using the
Jaccard distance:

d(Ii, Ij) = 1−
|Ii ∩ Ij |

|Ii ∪ Ij |
(10)

An adaptive DBSCAN (Density-Based Spatial Clustering of Applications with Noise)
algorithm is then applied to the pairwise distance matrix to identify dense clusters of
consistent binding interfaces, where the neighborhood radius ϵ is dynamically adjusted

12
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to find stable groups. DBSCAN is an unsupervised machine learning algorithm that
groups closely packed data points, defining clusters as high-density regions separated
by low-density regions.

Hybrid Selection Strategy. The final model selection employs a hybrid
approach to balance confidence and diversity. The Top-1 is identified simply as the
sample with the highest intrinsic ranking score. Conversely, for the Top-5, we uti-
lize the IfaceRanking clusters to filter for distinct binding modes. We first select
one representative constraint from each identified cluster and subsequently rank
these representatives by their intrinsic scores. The top-5 candidates are then chosen
from this re-ranked list, ensuring the output ensemble captures structurally diverse
high-confidence interfaces rather than redundant sampling of a single mode.

6 Data availability

The datasets generated and analyzed during the current study have been deposited in
the Zenodo repository at [URL]. Protein structures used for training and evaluation
were obtained from the RCSB Protein Data Bank (PDB) (https://www.rcsb.org).
The specific PDB accession codes for the case studies discussed in the text are 7R58,
7UPM, and 7EDS. Source data are provided with this paper.

7 Code availability

All source code for the DynaHelix model, including training inference scripts, and data
analysis notebooks, is available on GitHub at [GitHub URL]. A persistent release of
the code used in this study is archived on Zenodo at [DOI]. Any additional custom
scripts are available from the corresponding author upon reasonable request.
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Fig. 1 DynaHelix framework for targeted conformational sampling. a, Schematic sampling
space illustrating the distribution of generated structures. Wells represent regions of high sampling
density. Conventional methods often stagnate in dominant, non-native local minima (blue wells).
DynaHelix utilizes interface constraints to actively steer the sampling process away from these regions
toward less populated but biologically critical native binding states (yellow region). The ground truth
structure is marked with a star and shown as green, predicted structures are shown as grey surfaces
with colored binding interfaces. b, Network architecture. Input features are processed by an input
embedder and pairformer to yield pairwise feature z. The Potential Interface Finder (PIF) analyzes
z to identify distinct potential binding interfaces (PI-1 to PI-3, colored blue, red, and green). These
are encoded by a Constraint embedder and added to input stream to produce modulated features
ẑ, guiding the diffusion structure module to generate interface-specific conformations. c, Mechanism
of the PIF process. Pairwise feature z are pooled to create a 2D map (1). High-weight hotspot
pairs are identified (2) and spatially expanded to define interface boundaries (3). Overlapping or
geometrically similar regions (e.g., orange merging into blue) are clustered (4) to select the most
distinct interfaces as constraints (5). d, Constraint generation protocols. During training, constraints
are derived explicitly from ground truth contact information (top). During inference, constraints are
either generated automatically by the PIF or defined manually to probe hypothesized binding modes.
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Fig. 2 Mechanism of latent feature modulation and enhanced sampling efficacy via
DynaHelix. a, Visualization of the latent pairwise feature space z and resulting structural predic-
tions across three interaction modalities: antibody-antigen (PDB 7R58), protein-protein (7UPM), and
protein-dsDNA (7EDS). Rows compare raw features (baseline), manually perturbed weights (adding
50 bias to interface pairs), and constraint-guided modulation. Brighter regions in the heatmaps rep-
resent higher predicted contact probabilities and feature magnitudes. While manual editing distorts
geometry, constraint-based modulation generates physically valid structures (high DockQ) that align
with the ground truth (grey cartoon). The receptor is shown as a grey surface, predicted binders are
colored blue (PI-1) and red (PI-2). b, Comparative profile of contact probabilities along the receptor
sequences. The x-axis explicitly differentiates specific interface tokens (red labels) from average non-
interacting flanking regions (aggregated as ’U’, black labels). Unlike manual editing (green), which
results in disjointed, artificial spikes, constraint embedding (red) induces a coherent, biologically plau-
sible elevation of contact probability across the binding site. c, Evaluation of sampling landscapes
and ranking capability. Left top: Scatter plots of structural accuracy (DockQ) versus model confi-
dence (Ranking Score). DynaHelix (red points) successfully samples high-quality conformations in
regions inaccessible to the base model (grey points). Left bottom: Energy landscapes computed via
MM/GBSA and projected onto a principal component analysis (PCA) of pairwise distances. Right:
Representative structures corresponding to distinct local minima (labels 1-3) identified in the energy
landscape.
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Fig. 3 Automated discovery of potential binding interfaces across interaction modali-
ties. (a-c), Interface discovery performance heatmaps for antibody-antigen (a), protein-protein (b),
and protein-dsDNA (c) interactions. The panels illustrate the retrieval efficacy as a function of the
binding interface size threshold (τ , y-axis) and the number of sampling binding interfaces (k, x-axis).
Columns from left to right: Hit Rate, the frequency of successfully identifying at least one ground-
truth interface token; Interface Precision, measuring the signal purity of the recovered contact tokens;
Oracle DockQ, the maximum DockQ score achieved among sampled candidates; and Top-1 DockQ,
the accuracy of the highest-ranked prediction. Darker colors indicate higher performance values, and
contour lines denote iso-performance levels, highlighting that the optimal discovery parameters are
governed by the distinct physicochemical architectures of each interaction type.
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Fig. 4 Benchmarking DynaHelix against SOTA methods across diverse datasets. a, Per-
formance on an internal low-homology validation set comprising antibody-antigen, protein-protein,
and protein-dsDNA complexes. DynaHelix is compared with the base model and a reference using
ground-truth interface constraints. b, Evaluation on the FoldBench benchmark comparing Dyna-
Helix against leading models, including Protenix, Chai-1, and Boltz-1, across the same interaction
categories. c, Assessment on CASP15 and CASP16 heteromultimer targets. The rightmost panel illus-
trates the cumulative maximum DockQ score (Oracle) as a function of the number of sampling seeds
(1 to 100), demonstrating the sampling efficiency of DynaHelix relative to other methods. DockQ
evaluation was restricted to antibody-antigen and protein-dsDNA pairs, whereas all pairwise inter-
actions were assessed for protein-protein- complexes. In all bar charts, data represent mean DockQ
scores for Oracle, Top-5, and Top-1 ranked predictions; error bars denote the standard error of the
mean (s.e.m.).

A Benchmarks

A.1 Validation

The validation set was derived from the dataset curated by Protenix, comprising
71 antibody-antigen, 325 protein-protein, and 38 dsDNA-protein structures. Driven
by the hypothesis that the dominant predicted conformation does not necessarily
correspond to the native ground truth, we deliberately targeted complexes that elude
accurate prediction by current models. To strike a balance between computational
efficiency and evaluative stringency, we systematically curated a highly representative
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b
Metric Method H1106 H1129 H1134 H1135 H1140 H1141 H1142 H1143 H1144 H1151 H1157 Mean
Top-5 Chai-1 0.726 0.002 0.784 0.621 0.006 0.010 0.006 0.010 0.057 0.806 0.396 0.311

Top-5 Boltz-1 0.560 0.012 0.239 0.690 0.020 0.047 0.187 0.017 0.083 0.738 0.421 0.274

Top-5 Protenix 0.589 0.018 0.736 0.678 0.533 0.009 0.024 0.011 0.871 0.740 0.373 0.417

Top-5 DynaHelix-IfaceRanking 0.563 0.049 0.840 0.731 0.732 0.655 0.014 0.806 0.967 0.741 0.463 0.597

Oracle Chai-1 0.761 0.152 0.834 0.711 0.387 0.257 0.506 0.145 0.571 0.831 0.461 0.510

Oracle Boltz-1 0.604 0.016 0.734 0.718 0.667 0.331 0.662 0.020 0.643 0.814 0.466 0.516

Oracle Protenix 0.763 0.146 0.793 0.785 0.551 0.184 0.531 0.021 0.898 0.848 0.512 0.548

Oracle DynaHelix 0.631 0.103 0.906 0.776 0.829 0.737 0.872 0.843 0.969 0.838 0.467 0.725

CASP 15 DockQ Results

Metric Method H1204 H1222 H1223 H1225 H1232 H1233 Mean
Top-5 Chai-1 0.457 0.195 0.381 0.103 0.052 0.244 0.239

Top-5 Boltz-1 0.339 0.258 0.215 0.124 0.229 0.830 0.332

Top-5 Protenix 0.347 0.216 0.020 0.048 0.138 0.856 0.271

Top-5 DynaHelix-IfaceRanking 0.681 0.724 0.258 0.096 0.206 0.839 0.467

Oracle Chai-1 0.491 0.563 0.560 0.184 0.302 0.333 0.406

Oracle Boltz-1 0.352 0.298 0.461 0.184 0.290 0.834 0.403

Oracle Protenix 0.548 0.549 0.426 0.299 0.298 0.859 0.497

Oracle DynaHelix 0.681 0.753 0.287 0.238 0.464 0.869 0.549

CASP 16 DockQ Results

Fig. 5 DynaHelix performance on CASP15 and CASP16 heteromultimer targets. a,
Superposition of DynaHelix predicted structures (colored chains) with corresponding ground-truth
structures (grey) for selected CASP15 and CASP16 targets. b, Comprehensive DockQ score tables
comparing DynaHelix against SOTA methods (Chai-1, Boltz-1, Protenix) across individual targets.
Performance is evaluated using the best structure from the top-5 ranked predictions (Top-5) and
the best structure among all generated samples (Oracle). All models utilized 100 sampling seeds.
Table cells are color-coded based on DockQ score quality: High quality (>0.8, blue), Medium quality
(0.49–0.8, green), Low quality (0.23–0.49, yellow), and Incorrect/Failed (<0.23, red). The mean score
for each method is provided in the rightmost column.

subset of these structurally challenging targets. This subset, utilized for robust model
validation and comprehensive parameter analysis, was selected based on the following
criteria:

• Antibody-Antigen: 27 complexes were selected based on 25 models generated by
Protenix, filtering for an DockQ < 0.23 and a total token count < 1, 000.
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• Protein-Protein: The 20 lowest-scoring complexes were selected based on LDDT
rankings derived from 125 models generated by Protenix.

• dsDNA-Protein: 14 complexes were selected based on 125 models generated by
Protenix, filtering for an DockQ < 0.8 and a total token count < 1, 000.

A.2 FoldBench

The FoldBench dataset initially included 113 antibody-antigen, 239 protein-protein,
and 190 dsDNA-protein complexes. Due to prediction failures in high-throughput
experiments across certain models, we restricted our reporting to targets where all
models generated valid outputs. Consequently, the final reported dataset comprises
108 antibody-antigen, 225 protein-protein, and 180 dsDNA-protein complexes; details
of the failed PDBs are provided in Table S1.

Table S1 PDBs with failed predictions by different models on FoldBench.

FB AA FB PP FB dsDNA

Chai-1
8oud, 8udz, 8pn0, 8j7t,

8xnh
8b46, 8ic7, 9fvt, 8ff9,
8oq1, 8rja, 8c0h, 8x3g

8sv3, 8oj7, 8oj6, 8g88,
8iyq, 8oja, 8wt6, 9enp

Boltz-1
8oud, 8udz, 8pn0, 8j7t,

8xnh

8b46, 8ic7, 9fvt, 8ff9,
8oq1, 8rja, 7x36, 8c0h,

8a8o, 8x3g, 8iq5

8sv3, 8oj7, 8oj6, 8g88,
8oja, 8wt6, 9enp

Protenix - 8qab, 8r7i 9cih, 8vdh

DynaHelix - 8qab, 8gqp, 8r7i 9cih

A.3 CASP

We selected multimers from the official CASP15 and CASP16 repositories to serve as
an additional test set. The inclusion criteria were as follows: (1) availability of public
PDB reference structures; (2) a maximum of six chains to ensure high-throughput
feasibility; and (3) an unresolved residue ratio of less than 60% per reference chain.
This resulted in the selection of 11 complexes from CASP15 and 6 from CASP16.

The specific targets and their corresponding PDB IDs are as follows: H1106 (7qih),
H1129 (8a8c), H1134 (7ubz), H1135 (7z8y), H1140 (9ert), H1141 (9eru), H1142 (9erw),
H1143 (9etj), H1144 (9etl), H1151 (8d5v), H1157 (8pko), H1204 (8vyl), H1222 (9cqd),
H1223 (9cqb), H1225 (9cqa), H1232 (9cn2), H1233 (9cbn).

A.4 Inference protocol

To ensure a rigorous comparison, we standardized the sampling budget to 125
candidate structures per target across all models. For DynaHelix, this ensemble
was constructed by combining 5 random seeds with the top-5 predicted interfaces

4
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(5 seeds × 5 PIs × 5 samples). For the baseline models (Protenix, Chai-1, and Boltz-
1), the budget was allocated as 5 seeds× 25 samples. A consistent recycling depth of
Ncycles = 10 was applied uniformly across all experiments.

To ensure consistency, all models utilized the ColabFold API [47] for MSA
generation.

Inference efficiency was optimized following the Protenix-Mini protocol [48]. For
both DynaHelix and Protenix, the diffusion sampling trajectory was condensed from
200 to 10 ODE steps, with noise parameters set to γ = 0.0 and step scale eta = 1.0.
This configuration has been shown to significantly reduce computational cost with
negligible performance impact. In contrast, Chai-1 and Boltz-1 were executed using
their standard default parameters.

Predictions were evaluated using PXMeter [49], which calculates scores based on
DockQ v2 [50]. To better reflect real-world applicability, we report the mean DockQ
across all predicted conformers for each complex instead of averaging the scores at the
interface level. For antibody-antigen complexes in the validation and CASP datasets,
DockQ scores were calculated exclusively between the antigen and the antibody heavy
or light chains. For the protein-dsDNA validation set, we computed DockQ between the
protein and each individual DNA strand. Finally, for the FoldBench dataset, although
evaluations targeted the specific interfaces defined by the benchmark, the final metric
remains rigorously averaged per complex.

For Antibody-Antigen and Protein-Protein datasets, we employed the official
Protenix weights (protenix base constraint v0.5.0); for Protein-dsDNA datasets, the
model was retrained (details in section B) to address the official weights’ inability to
handle DNA constraints. Versions of all open-source software are listed in Table S2.

Table S2 GitHub Repository and Commit Hash of Evaluated Models

Model GitHub Repository Commit Hash

Protenix bytedance/Protenix fe26d544
Chai-1 chaidiscovery/chai-lab c940e9df
Boltz-1 jwohlwend/boltz 397fa2ac
PXMeter bytedance/PXMeter 80cae617

B Training protocol

B.1 Constraint models training

Our model was built upon the Protenix framework (version 0.5.0, commit fe26d544)
and extended to incorporate constraint-based features compatible with various
molecular types, including proteins and dsDNA.

For training, we utilized the weightedPDB before2109 wopb nometalc 0925

dataset provided by Protenix. This dataset comprises all Protein Data Bank (PDB)
entries released prior to September 30, 2021, maintaining a data cutoff consistent with

5
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the configuration of AlphaFold 3. To validate the model’s performance, we employed
the recentPDB 1536 sample384 0925 dataset.

A key component of our training strategy involved the probabilistic injection
of constraints to enable controlled structure generation. During the training phase,
constraints were applied with the following probabilities:

• 10% probability: Atom-atom constraints extracted directly from PDB structures.
• 20% probability: Binder chain and receptor token constraints, as described in the

methodology section.
• 10% probability: Token-token interaction constraints.

The training process was conducted over a period of approximately two weeks
using a cluster of 32 NVIDIA H20 GPUs.

B.2 Hyperparameter configuration

The model was trained using the BF16 mixed-precision format to optimize computa-
tional efficiency. We employed an Exponential Moving Average (EMA) with a decay
rate of 0.999 to stabilize the training process. The learning rate was initialized at
1 × 10−3 with a warmup period of 2,000 steps, followed by a step-based decay every
20,000 steps. The detailed hyperparameters used in our experiments are summarized
in Table S3.

Table S3 Hyperparameter settings for model training and sampling.

Hyperparameter Value Description

Precision Type BF16 Training data type format
Diffusion Batch Size 48 Batch size used for the diffusion module
EMA Decay 0.999 Exponential moving average decay rate
Crop Size 384 Training crop size for input sequences
Max Steps 100,000 Total number of training steps
Warmup Steps 2,000 Number of steps for learning rate warmup
Learning Rate (LR) 0.001 Initial base learning rate
LR Decay Interval 20,000 Step interval for learning rate decay
Sampling Steps 20 Number of diffusion steps

B.3 Sampling Hot interfaces as decoys to enhance confident
head

The introduction of constraint features may adversely affect the confidence head, as
alternative interface constraints are rarely encountered during standard training and
may therefore be treated as outliers. To address this, we incorporate the PIF algo-
rithm with a 20% activation probability during each training step. When activated,
an interface constraint is randomly selected, prompting the structure module to gen-
erate a corresponding conformation based on that specific constraint. This strategy
exposes the confidence head to a broader sampling space beyond the native PDB
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structures, thereby enhancing its generalization capabilities. As experiments regard-
ing this approach are currently in progress, we plan to release these updated models
in the future.

B.4 MM/GBSA binding free energy calculation

The binding free energies of the complexes were estimated using the Molecular
Mechanics/Generalized Born Surface Area (MM/GBSA) method with the OpenMM
(version 8.2.0) [51]. To describe atomic interactions, the ff14SB force field [52] was
applied to proteins, and the OL15 force field [53] was used for DNA. The solvent effects
were treated using the GBn2 implicit solvent model [54].

Prior to the energy calculation, each complex underwent an energy minimization
process (L-BFGS, up to 5000 iterations) in the presence of the implicit solvent to
resolve steric clashes and relax the local geometry of the predicted structures. The
binding free energy (∆Gbind) was calculated based on the minimized structures using
the following equation:

∆Gbind = Gcomplex − (Greceptor +Gligand) (11)

where G is the total potential energy calculated using the specified force fields
and the GBn2/SA model. Receptor and ligand coordinates were extracted from the
minimized complex (single-trajectory), and conformational entropy was not included.
For each complex structure, the minimization and ∆Gbind estimation were repeated
in five replicas to ensure numerical stability.

C Additional Experiments

C.1 Examples of better binding interface sampling by
DynaHelix

Figure S1 illustrates representative sampling outcomes across various models. For
certain complexes (e.g., 7YF2, 8U0O, 9C3T, 8URK, 9C3S, 8UP2), baseline models
failed to capture the correct binding interface (DockQ < 0.23), whereas DynaHelix
successfully generated valid solutions. In instances where baselines produced only low-
quality interfaces (0.23 < DockQ < 0.49), DynaHelix improved results to medium
quality or above (e.g., 8ET0, 8FYM, 8T59, 8EKZ, 8IDO, 8HXQ, 7TXW, 8H0L).
Furthermore, for targets where baselines achieved medium quality (0.49 < DockQ <

0.8), DynaHelix further refined these into high-quality conformations (e.g., 8AON,
8J7T).

C.2 DynaHelix outperforms baseline models across different
backbones

DynaHelix extends readily to other constraint-compatible, AlphaFold3-like architec-
tures, such as Chai-1. We conducted a comprehensive ablation study across various
benchmarks to evaluate performance with and without DynaHelix. As illustrated
in Fig. S2, integrating DynaHelix with Protenix yielded consistent improvements in
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Oracle, Top-5, and Top-1 metrics on FoldBench. Notably, the most significant gains
occurred in the antibody-antigen subset, where mean DockQ scores increased by 0.07
(Top-5) and 0.052 (Top-1).

These improvements were even more pronounced when using Chai-1 as the back-
bone. On the antibody-antigen dataset, we observed mean increases of 0.118 (Oracle),
0.09 (Top-5), and 0.091 (Top-1). Significant gains were also evident on the CASP15/16
datasets, where DynaHelix consistently outperformed baseline models as the number
of sampling seeds increased.
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Fig. S1 Scatter plot of DockQ versus Ranking Score for the 16 test samples. DynaHelix
exhibits a sampling distribution structured into distinct clusters, notably encompassing conformations
close to the native PDB binding mode. In contrast, baseline models display a highly concentrated
distribution, suggesting a susceptibility to bias that hinders their ability to locate the correct binding
interface.
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Fig. S2 Performance of DynaHelix with Different Backbones. DynaHelix delivers consistent
and substantial improvements across various datasets, regardless of whether Protenix or Chai-1 is
employed as the backbone model.
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M., Reys, V., Koukos, P.I., Rodrigues, J.P.G.L.M., Karaca, E., Zundert, G.C.P.,
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[53] Zgarbová, M., Sponer, J., Otyepka, M., Cheatham III, T.E., Galindo-Murillo, R.,
Jurecka, P.: Refinement of the sugar–phosphate backbone torsion beta for amber
force fields improves the description of z-and b-dna. Journal of chemical theory
and computation 11(12), 5723–5736 (2015)

[54] Nguyen, H., Roe, D.R., Simmerling, C.: Improved generalized born solvent model
parameters for protein simulations. Journal of chemical theory and computation
9(4), 2020–2034 (2013)

15


	Introduction
	Model
	Results
	The pair feature z governs the sampling space
	Automated discovery of potential binding interfaces
	DynaHelix overcomes sampling traps in complex energy landscapes
	Diverse interface sampling drives performance gains across comprehensive benchmarks

	Discussion
	Methods
	Preliminary
	Constraint feature guides structure prediction
	Potential Interface Finder
	Interface Ranking Score

	Data availability
	Code availability
	Figures
	Acknowledgments
	Contributions
	Competing interests
	Supplementary Information
	Benchmarks
	Validation
	FoldBench
	CASP
	Inference protocol

	Training protocol
	Constraint models training
	Hyperparameter configuration
	Sampling Hot interfaces as decoys to enhance confident head
	MM/GBSA binding free energy calculation

	Additional Experiments
	Examples of better binding interface sampling by DynaHelix
	DynaHelix outperforms baseline models across different backbones


