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Generative Al algorithms such as the transformer and diffusion models have greatly
empowered de novo design of proteins capable of specifically interacting with designated
structural sites on another protein. Most of these design methods employ a top—down
approach, in which an overall protein shape is generated by an Al model to pack against
a given structural site, followed by sequence design to optimize the interaction. Despite
being trained on limited protein complex structures available in the database, the top—
down approach has yielded encouraging results. Here, we propose a bottom—up approach
that generates atom clusters for optimal packing against a specified structured region for
informing the design of protein—protein interactions. To this end, we trained a masked
discrete diffusion model, named Void-X, that uses the diffusion transformer to learn
atomic-level interactions and fill atomic voids in protein interaction interfaces. Void-X
was trained using 8.7 million spherical clusters of atoms from experimental structures
in the Protein Data Bank. In each cluster, ~70% of the atoms are used as context (or
prompt), and ~30% are masked for information recovery (or answer). By training the
model with 172 million parameters, Void-X achieves an overall accuracy of 78.3% and
68.2% for intra- and interchain spherical clusters, respectively. Furthermore, we find
that information entropy is a reliable indicator of the prediction accuracy for Void-X.
This level of performance allows de novo generation of molecular interactions at the
atomic level, offering an alternative approach of protein design complementary to the
existing ones.

Al | protein design | discrete diffusion model

Accurate prediction of protein—protein interaction at structural level and precise manip-
ulation of these interactions via protein design hold great potential in accelerating thera-
peutic development and solving unmet medical needs. With the rapid advances in protein
delivery technologies such as adeno-associated virus (AAV) and mRNA lipid nanoparticle
(LNDP), it is increasingly feasible to deliver designed proteins, extracellularly or intracel-
lularly, with tissue specificity.

Prediction of protein—protein interaction at atomic level has historically been addressed
with molecular docking by either rigid-body methods (1-6) or molecular dynamics (MD)
simulation (7-10), based on physicochemical properties such as van der Waals (VDW)
forces, electrostatic interactions, hydrogen bonds, and hydrophobic effect. Protein—protein
interaction, however, also involves the poorly understood factors such as the intrinsic
dynamics of the molecular system (conformational entropy) and its relation with the
entropic changes of the solvent and the entire system upon molecular interaction. These
dynamics are difficult to model precisely but are known to be crucial (11, 12). For example,
using ensembles of protein structures to account for conformational dynamics was demon-
strated to be more effective than using a single conformation in the redesign of enzyme
and predicting binding affinity (13, 14).

Although the complex dynamics of macromolecular interactions are not fully understood,
a number of protein language model (PLM)-based methods have been developed to predict
protein—protein interactions using the database relating protein sequence and structure
(15-18). A principal advantage of PLMs is their capacity to be trained on extremely large
collection of protein sequences (~3 billion), which allows them to capture intricate structural
and functional patterns inherent in primary sequences (19-24). The general-purpose PLMs
are typically trained on universal databases such as UniProtKB (25) and MGnify (26), but
can also be adapted for specialized applications such as antibody and enzyme optimization
(27-31). While PLM addresses the protein—protein interaction mostly at sequence level,
AlphaFold2 combines multiple sequence alignment (MSA)-based PLM and 3D structure
prediction network to predict protein—protein interaction at structural level (32). It has been
demonstrated to predict the structures of single-chain proteins with near experimental
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accuracy and has been extended to predict multichain protein com-
plexes, significantly improving the accuracy of interface interactions
(33). The upgraded AlphaFold3 (34) can achieve an accuracy of
76.6% [DockQ (35) >0.23] for protein complexes.

The above methods for predicting protein—protein interaction
or complex structure require the input of known sequences of the
binding partners and are thus not sufficient for designing protein
binders with unprecedented sequences. Several recent studies have
reported innovative approaches to enable de novo design of pro-
tein sequence and fold that can specifically interact with a desig-
nated structural site of another protein (36-43), and most of these
methods utilize generative Al algorithms such as the transformer
(44) and diffusion (45, 46) models. For example, RFdiffusion
(36), a diffusion-based model, is used for de novo protein back-
bone generation, after which sequences can be assigned using
sequence design methods such as ProteinMPNN (47). Although
AlphaFold by itself is insufficient for the purpose of de novo design
as it requires the input of known protein sequences, its high pre-
dictive power has been used in the BindCraft method to generate
error gradient for sequence optimization (38). Furthermore, pro-
tein design applications have been tailored for antibody design,
demonstrated by RFantibody (39), which is modified from
RFdiffusion, as well as Chai-2 (48), Germinal (49), and mBER
(50). From the approach used by AlphaFold to that of RFdiffusion,
protein structures are used for learning and generating protein—
protein complex structures with atomic details. Despite the small
data size [~240,000 experimental structures in the Protein Data
Bank (PDB)] compared to those typically used by PLMs (~250
millions to ~3 billions), these methods have achieved encouraging
success rate, suggesting the remarkable capacity of Al to learn
highly convoluted patterns in complex systems.

Inspired by the above generative AI methods, we here explore
a different approach in which an atomic filling model (AFM) was
developed for learning atomic-level interactions and filling atomic
voids in protein interaction interfaces. This model, named Void-X,
is a masked discrete diffusion model based on the D3PM frame-
work (51) and built upon the diffusion transformer (DiT) archi-
tecture (52). The training of a large AFM is based on the postulate
that optimal atomic packing in the context of a stable macromo-
lecular complex depends not only on the local interactions between
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neighboring atoms but also high-order couplings with distant
atoms. For model training, we extracted more than 8 million
spherical clusters of atoms from the PDB serving as the learning
data. In each of the spherical clusters, ~30% of the peripheral and
spatially contiguous atoms are masked for generation while the
remaining atoms are regarded as the context. By training a model
with 172 million parameters, Void-X achieves an overall accuracy
of 78.3% and 68.2% for intra- and interchain spherical clusters,
respectively. This level of performance allows de novo generation
of local molecular interactions at the atomic level.

Results

The Design of an Atomic Void-Filling Model for Generating
Molecular Interactions. An underlying and common feature of
intra- and intermolecular interactions in protein is the exclusion
of solvent resulting from intimate atomic packing at the sites of
interactions. As discussed above, optimal atomic packing depends
not only on interactions between neighboring atoms but also on
long-range couplings between distant atoms. The multilayered,
high-order atomic interactions involve conformational dynamics
and/or allostery that often cannot be modeled reliably.

Generative Al models have achieved notable success in domains
such as natural language processing and computer vision, where
they are trained to model extremely complex data distributions
and sample novel instances (53, 54). We hypothesized that this
paradigm can be adapted to train a prompt-answer model for
predicting atomic packing at protein interaction interfaces.
Specifically, we trained the model using spherical clusters of atoms
(Fig. 1 A and B) from experimental structures in the PDB com-
prising typically of 587 atoms (heavy and hydrogen), in which
~70% are used as context (or prompt) and ~30% are masked for
information recovery (or answer). This type of prompt-answer
model can be thought of as filling the atomic voids in a network
of atomic interactions, and hence given the name Void-X. The
void filling can be performed within a structure formed by a single
polypeptide chain (as in Fig. 1A4) or at the interaction interface
between two separate polypeptide chains (as in Fig. 1B).

Upon successful training of the Void-X model, it would be
possible to generate type and spatial distribution of atoms for
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Fig. 1. Schematic illustration of spherical cluster sampling and void filling of atomic interactions. (A) Recovery of masked atoms (red) given the context atoms
(blue) of a spherical cluster of atoms representing intramolecular interaction patterns in structures formed by a single polypeptide chain. Sampling of the
spherical cluster is centered on the C, atom of a given residue, encompassing all atoms (including hydrogen atoms) within 12 A radius of the center. Each cluster
is constrained to contain 512 to 768 atoms, and the sampled clusters within one protein share no more than 70% overlap. (B) Recovery of masked atoms from
one polypeptide chain (red) given the context atoms from another polypeptide chain (blue) in a spherical cluster representing intermolecular interaction. The
center C, atom of the cluster is chosen such that the masked atoms account for no more than 30% of the spherical cluster. Clusters are extracted only if they
contain atoms from two separate polypeptide chains and at least 96 atoms are from the interacting partner chain. All other sampling parameters are the same
as in (A). (O) A two-dimensional illustration of the uniformization for transforming the atom cluster from real space to the uniform lattice space with hexagonal

close-packing. Example in red illustrates uniformization of arginine atoms.

https://doi.org/10.1073/pnas.2607035123

pnas.org



Downloaded from https://www.pnas.org by CAS CONSORTIUM CHINESE ACADEMY OF SCIENCES on June 14, 2026 from |P address 101.230.128.10.

optimal binding against a designated structural epitope of a pro-
tein. A central challenge to such application, however, arises from
the inherently nonuniform spatial distribution of atoms charac-
terized by protein backbone and sidechain geometry, which com-
plicates the initial placement of atoms at the interaction interface.
For example, when placing void atoms for packing against a given
structural site, consideration of polypeptide bonding geometry
inevitably introduces bias in predicting atom types at these voids.
To address this problem, we introduced a uniformization step
whereby all atoms in a spherical cluster are repositioned to the
centers of uniformly sized balls (radius of 1.1 A) that pack the
sphere in a hexagonal close-packed (HCP) mode. The uniformi-
zation step transforms the atom cluster in real space to the uniform
lattice space (Fig. 1C and SI Appendix, Fig. S1 A and B), and it
was performed such that the total deviation from the original
atomic coordinates is minimized (see Method for algorithm). The
average RMSD between native and uniformized clusters is 1.2 A.

Operation in the uniform lattice space allows standardized
placement of void atoms against known context atoms in the HCP
packing mode. Then prior to model training, the context atoms
in the spherical cluster were returned to the original positions
(SI Appendix, Fig. S1C) as their true coordinates better retain pro-
tein structural properties that could benefit learning. This proce-
dure provides a practical solution to the problem of atom
placement, and hence the application of Void-X to generate pro-
tein interaction interface reduces to filling the atomic voids with
chemically and structurally probable atoms.

Training the Void-X Model. A key challenge in training a
generative model of protein—protein interaction is overcoming
the very limited structural data available in the database with only
~160,000 experimental structures of protein—protein interactions.
The local spherical sampling strategy partly addresses such
limitation by allowing us to extract multiple clusters per protein
structure and to further augment sampling by generating multiple
context-mask combinations per cluster. Using spherical clusters

with a radius of 12 A, we could extract about 8.7 million clusters
of atoms from 189,377 structures of protein and protein—protein
complexes (Method). In this dataset, the ratio of intra- to interchain
clusters is approximately 5:1 (ST Appendix, Table S1). For each
of the intrachain clusters, training samples were prepared by
randomly masking ~30% of the cluster atoms that are peripheral
and spatially contiguous at the residue level, yielding an average
of 18 augmented samples per cluster (S Appendix, Fig. S2). For
interchain clusters, the context and masked atoms were from
two separate polypeptide chains, respectively, with masked
atoms accounting for no more than 30% of the spherical cluster.
Although interchain clusters are less frequent, about 17% of all
cluster dataset, Void-X significantly benefited from training on the
more abundant intrachain clusters, as described in the following
section. All together, 133.8 million context-mask clusters were
used for model training.

The Void-X algorithm (Fig. 2) begins with the uniformization
of each spherical cluster of atoms, followed by the selection of the
masked region and subsequent restoration of the atom positions
of the context region. The preprocessed clusters are then passed
to the AFM for training atomic void filling of the masked region
given a specific atom arrangement of the context region. In con-
trast to existing diffusion-based protein design methods (36, 37,
39-41), which primarily operate in continuous coordinate space,
the AFM denoises atom types in a discrete state space (51), where
the DiT architecture (52) was adapted to learn the reverse process
(81 Appendix, Fig. S3A and Algorithm S1).

Void-X employs atomic-level tokens representing 37 heavy atoms
and 13 hydrogen atoms (SI Appendix, Table S2) to enable all-atom
interaction modeling. To compromise computational efficiency
with the capacity for global attention over distant atoms, the max-
imum size of spherical clusters was limited to 768 atoms during
training. At each training step, native atomic packing within the
masked region were corrupted for up to 500 discrete diffusion steps
using a uniform transition matrix, and the AFM with 172 million
parameters was trained to recover the original uncorrupted atom
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Fig. 2. Flow diagram of Void-X model training for atomic void filling. (1) Within a spherical cluster of atoms in the training dataset, a contiguous region is

masked (M, cyan), and the remaining part serves as the structural context (C,

space to the uniform lattice space wherein the atoms are represented as uni

magenta). (2) Perform uniformization that transforms the atom cluster from real
form spheres (radius 1.1 A) and packed in the HCP mode; return the atoms in the

context region to their real space positions. (3) Perform the diffusion algorithm for training the AFM based on the D3PM framework (51) and built upon the
DiT architecture (52). During the diffusion (noising) process (right to left), noise is progressively added to the atoms in the masked region, driving their type
distribution toward a uniform distribution over 50 discrete atom types. During generation, atoms are uniformly sampled across these categories, and then
iteratively denoised (left to right) to recover atom information of the masked region, including atom type, amino acid type, and coordinate. (4) Once trained,

Void-X can generate atoms given a prompt of known structural epitope for p
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types and corresponding coordinates in real space, as well as the
amino acid types of all the masked atoms. The losses considered
during the optimization include those for atom type, amino acid
type, interatomic distance, atomic coordinate, and the Kullback—
Leibler (KL) divergence between the learned generative distribution
of denoising process and the categorical posterior distribution of
noising process (Method). For atom type, amino acid type, and
interatomic distance (assigned to 64 bins of 0.375 A in width), we
used categorical cross-entropy loss to measure the difference between
prediction and ground truth. For atomic coordinate, the smooth
L1 loss (55) was applied to penalize displacement errors. The total
loss was computed as the sum of all individual loss components,
and the training process reached 4.1 million steps (30 epochs).

The trained neural network comprises branches that can be
used to generate atom type, residue type, and their corresponding
coordinates in real space (S Appendix, Fig. S3 B—E). Within the
DiT architecture, we incorporated a multilayer perceptron (MLP)
to learn complex transformation patterns between the uniform
lattice space and real space. Thus, as the last component of Void-X,
the generated atoms in the uniform lattice space were transformed
to the real space compatible with protein structure geometry, a
step referred to here as coordinate refinement.

Evaluation of the Atomic Void-Filling Model. To evaluate the
performance of the trained model in predicting the masked atoms
that pack against the context atoms, we first tested the model
on 2,893 intraprotein spherical clusters not included for training
(Fig. 34 and SI Appendix, Algorithm S2). The most direct accuracy
metric for a discrete atom generation model is the fraction of
atoms in a masked region (R) with correctly assigned atom type
(AT), formulated below in Eq. 1 as

AcC = nyr/N, [1]

where 7247 is the number of generated atoms in the masked region
with true atom type and V is the total number of generated atoms.
Similarly, the amino acid (AA)-type accuracy was computed as
ACC‘;A = nyy/N, where n, is the number of generated atoms
in the masked region with true AA type. Void-X achieves an overall
atom-type accuracy of 78.3% (Fig. 3B) and a corresponding
AA-type accuracy of 72.9% (Fig. 3C).

Furthermore, we introduced a coordinate accuracy metric in
the form of spatial deviation of generated atoms from their ground
truth positions. Specifically, spatial deviation for a masked region

is quantified by RMSD, defined in Eq. 2 as
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Fig. 3. Evaluation of Void-X for filling atomic interactions in proteins and protein-protein interfaces. (A) Each atomic void filled by Void-X contains information
about atom type, amino acid type, and coordinate, which are evaluated against the ground truth. (B) Overall prediction accuracy (defined in Eq. 1) for atom
type at different training epochs. Shadow regions indicate 95% Cl estimated from 10,000 bootstrap samples. (C) Same as in (B) except the y-axis represents
the overall prediction accuracy for amino acid type to which the atoms belong. (D) Overall position RMS deviation of the recovered atoms in the uniform lattice
space (initial) or after coordinate refinement (optimized) from the ground truth atoms in real space of the masked regions. (E) An example of atomic void filling
of a protein-nanobody interface (PDB ID: 80ZB) showing atoms assigned by Void-X form 3 AA fragments including HVYDH (red), VE (green), and ES (blue). (F)
Precision-recall curves for Void-X performance on test datasets of protein-protein clusters (green) and protein-nanobody clusters (blue). The solid and dotted
lines represent models trained with dataset that, respectively, included and excluded intrachain clusters. Each precision-recall curve represents the average
performance across all atom types, with precision and recall computed independently for each type prior to averaging.
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where 7 ; and 7? are positions of the generated atom 7 after coor-
dinate refinement and its corresponding ground truth, respec-
tively, and /V is the total number of atoms in the masked region.
We found that the overall position RMSD of the generated atoms
before and after coordinate refinement are 1.16 A and 0.71 A,
respectively (Fig. 3D), demonstrating the ability of the model to
perform coordinate transformation from the HCP lattice to real
space without using any known structural information.

In addition to accuracy calculation, we computed the mean
average precision (mAP) by weighing each atom type equally,
where average precision (AP) is the area under the precision—recall
(PR) curve (56). A larger mAP value indicates both high precision
and high recall. In the intramolecular setting, the overall mAP is
0.70, with better performance on backbone atoms than on
sidechain atoms (87 Appendix, Table S3), consistent with the
greater conformational flexibility of side chains in protein struc-
tures. The relatively high accuracy of Void-X in intramolecular
atom completion suggests its potential for applications such as
filling structural voids or unresolved regions in electron density
maps during protein structure determination.

We then tested the model performance for predicting the miss-
ing atoms that define interchain molecular interactions using 560
protein—protein spherical clusters not included in the training
data. In this case, Void-X achieves an overall atom-type accuracy
of 68.2%, with a corresponding AA-type accuracy of 66.5%. The
overall position RMSD upon coordinate refinement decreased
from 1.17 A to 0.84 A, and the mAP is 0.63 (Fig. 3). The sub-
stantially lower accuracy is likely due to the smaller number of
interchain spherical clusters available for training than the intra-
chain clusters. Consistent with previous results, the mAP for back-
bone atoms is higher than that for sidechain atoms (57 Appendix,
Table S3).

A subset of interchain clusters used for model training were
from antigen—antibody complex structures. We thus also exam-
ined the potential of Void-X in generating protein-antibody bind-
ing interfaces by testing atom filling for 87 protein—nanobody
spherical clusters not included in the training data. The void-filling
accuracy further decreased to 52.6% for atom type and 45.6% for
AA type. The overall position RMSD upon coordinate refinement
decreased from 1.16 A t0 0.94 A, and the mAP is 0.46 (Fig. 3 and
SI Appendix, Table S3). The lower prediction success rate is con-
sistent with the performance of general protein structure predic-
tion methods (33, 34), for which antigen—antibody interface
prediction remains particularly challenging due to the limited
number of distinct protein—antibody complex structures available
for training. Nonetheless, at ~50% prediction accuracy of atom
and AA types, Void-X could generate interacting atoms for design-
ing antibody complementarity-determining regions (CDRs) for
specific binding to designated structural epitopes of antigens (an
example shown in Fig. 3E).

Although Void-X was primarily trained on intrachain spher-
ical clusters, its performance for interchain clusters is also quite
strong. To estimate the contribution of intrachain data, we
trained an alternative AFM with intrachain spherical clusters
excluded from the training data. This ablated model achieved
an interchain atom-type and AA-type accuracies of 58.3% and
51.8%, respectively, about 10% lower than that of the AFM
trained with intra- and interchain data combined. On the pro-
tein—nanobody test dataset, the overall accuracy also declined to

PNAS 2026 Vol.123 No.24 2607035123

38.2% for atom type and 29.1% for AA type when the intrachain
data were excluded. Correspondingly, the mAP dropped from
0.63 to 0.45 for the protein—protein test dataset and from 0.46
to 0.26 for the protein—nanobody test dataset (Fig. 3F and
SI Appendix, Table S4). The significant performance gap between
the ablated and fully trained models demonstrates that incorpo-
rating sufficient intrachain spherical clusters during training
improves the model’s ability to predict interchain interaction
interfaces. This improvement could be attributed to the shared
physical principles that govern atomic-level interactions in both
intra- and interchain contexts.

To further evaluate the quality of atomic packings generated
by Void-X, we present illustrative cases in SI Appendix, Fig. S4.
‘These examples show a few continuous fragments of protein back-
bone as well as residues with complete sidechain structures.
Notably, aromatic residues are frequently recovered with full
sidechain structures. This level of atomic detail is critical for down-
stream protein design applications, as accurate sidechain packing
at protein binding interfaces directly informs the design of specific
and functional molecular interactions.

Indicator of Void-X Prediction Performance. We next investigated
the confidence level of Void-X in de novo generation of atoms
at the protein—protein interaction interface with the aim of
identifying a reliable indicator of prediction accuracy. To this
end, we employed information entropy as a confidence measure
for the atomic packing generated by Void-X. For each spherical
cluster from the test dataset containing both context and masked
atoms, we performed 100 independent atomic void fillings of
the masked region (87 Appendix, Algorithm S2). One inference
typically takes 10 s on an H100 GPU. The information entropy
in AT assignment for each of the sites 7 of the masked region is

defined in Eq. 3 as

7= ZP( Joels) 2

where p( > is the fraction of assignments at the void site 7 with
atom type j in the 100 generated samples and p( )lnp( >

summed over K =50 unique atomic-level tokens. The corre-
spondi dicti fsite i, A27, is the fraction of th
ponding prediction accuracy of site i, A7, is the fraction of the

100 samples with correct atom type, formulated below in Eq. 4 as
A = N47/100, [4]

where N,y is the number of samples with true atom type. In
1 ite with | SAT shows high dicti
general, an atom site with lower §* shows higher prediction
accuracy and this trend is consistent throughout intra- and inter-
chain clusters from the test dataset (a few samples shown in Fig. 4
A-C). Meanwhile, an atom site in proximity to context atoms has
lower SZAT (81 Appendix, Fig. S5). The generated atoms in direct

contact with the context region generally exhibit low entropy and
high accuracy, which is expected based on the more stringent rules
of packing between neighboring atoms. This is, however, not
always the case as some of the masked region sites distant from
the context region also exhibited low entropy, suggesting the pres-
ence of long-range interactions in atomic packing.

We next examined entropy versus accuracy for the entire
masked regions using 1,000 randomly selected spherical clusters
from the intraprotein test dataset, 500 from the protein—protein
test dataset, and all 87 available clusters from the protein—nano-
body test dataset. As above, for each cluster, the masked region
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Fig. 4. Correlation between information entropy and prediction performance for Void-X. (A) An example of void filling of the masked region (sphere
representation) interacting with the context region (surface representation) for an intrachain cluster from a phosphate transporter PHO1 (PDB ID: 9JF8),
showing the relationship between entropy calculated in Eq. 3 and accuracy calculated in Eq. 4 at each of the filled atom sites. The atoms in the masked region
are shown with the color spectrum yellow to red (representing low to high entropy) or the color spectrum green to blue (representing low to high accuracy).
(B) The same as in (A) for void filling of the masked region for an interchain cluster from the BtpeA CTD-BtpiA complex structure (PDB ID: 9JDI). (C) The same
analysis as in (A) for an interchain cluster from an ADP/ATP carrier bound to nanobody (PDB ID: 9)3L). (D) Correlation between information entropy and average
accuracy for the entire masked region (defined in the text) for 1,000 intrachain clusters randomly selected from the test dataset. (£) Same analysis as in (D) for
500 protein-protein clusters randomly selected from the test dataset. (F) Same analysis as in (D) for all 87 protein-nanobody clusters from the test dataset. (G)
Correlation between information entropy and the position RMSD for the entire masked region for 1,000 intrachain clusters randomly selected from the test
dataset. (H) Same analysis as in (G) for 500 randomly selected protein-protein clusters. (/) Same analysis as in (G) for all 87 protein-nanobody clusters in the
test dataset.

was generated independently for 100 times. The information  protein—protein, and protein—nanobody), the analysis showed an
approximately linear inverse correlation between information
entropy and prediction accuracy at the level of prediction of the

masked regions (Fig. 4 D—F).

entropy of the masked region (Sﬁ T) was calculated as Sl’.‘lT in Eq. 3,
averaged over all atom sites of the masked region. The correspond-

6 of 11

ing average accuracy ACC’}%T was computed as ACC’;T averaged
over the 100 samples. Across all three categories (intraprotein,

https://doi.org/10.1073/pnas.2607035123

In addition to entropy versus atom-type accuracy, we investi-
gated entropy change of the masked region with respect to spatial
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deviation of generated atoms from their ground truth positions.
We used the above randomly selected spherical clusters for this
investigation. For each selected cluster, the masked atoms were
generated 100 times as above for calculating S}’ST. The correspond-

ing average position RMSD was computed as the RMSD defined
in Eq. 2 averaged over the 100 samples. This analysis shows a clear
trend that the generated atomic packing of the masked region
with smaller information entropy also has lower position RMSD
(Fig. 4 G-I). The above analyses demonstrate a strong association
between information entropy and prediction performance both
for individual atom sites and at the level of entire masked regions.
Thus, the information entropy is a reliable indicator of prediction
confidence for Void-X.

Since information entropy correlates with predictive perfor-
mance, we selected a few cases with low average entropy for visual
inspection to assess the atomic packing quality produced by
Void-X (Fig. 5). In general, these local structures contain few iso-
lated residues, and most predicted residues exhibit well-defined
sidechain structures. Notably, in the protein—nanobody case
(Fig. 5 Eand F), the generated atoms are located at the pocket-like
binding interface. This confined localization likely results in lower
entropy due to the restrained atomic environment within the
binding site. For comparison, more cases with medium
(81 Appendix, Fig. S6) and high (SI Appendix, Fig. S7) average

entropy are also provided.

A

Intra-protein C

Protein-protein E

Discussion

We have shown that by learning the intricate patterns of local
atom arrangement in protein complex structures using the masked
discrete diffusion model, it is possible to recover missing atoms or
generate new ones for interaction with a targeted structural region
of a protein to a reasonable accuracy. The trained Void-X model
is able to achieve a success rate of 53 to 78% depending on differ-
ent types of test cases, e.g., intra- or intermolecular. For compar-
ison, the chance of correctly assigning 70 out of 100 voids with
each void bein% assigned randomly from the 50 atom types would
be 3.47 x 107%. The successful training of the Void-X model
suggests the existence of highly convoluted but self-consistent
rules embedded in the observed protein conformation space for
determining the packing of neighboring and distant atoms. In
accordance with this notion, inclusion of intrachain clusters dur-
ing model training resulted in a significant improvement of accu-
racy (~10%) in filling the atomic voids at intermolecular interfaces,
further highlighting that the model has learned elementary prop-
erties of atomic interaction shared among the intra- or intermo-
lecular interactions.

'The above mentioned accuracy was derived from test cases with
known structural answers. However, for de novo applications
whereby the ground truth is not available, consistency of the
model in generating answers provides a possible measure of

Protein-nanobody

High

Low

Fig. 5. Examples of Void-X generated atom clusters with low information entropy. (A and B) Generated atom cluster with low information entropy (0.24) for
an intrachain cluster from protein JukB (PDB ID: 9JHT), showing that 3 continuous AA fragments can be reconstructed: LIG (red), WA (green), and VL (blue), with
complete side chains for LIG, WA, and valine in the VL fragment. (C and D) Generated atom cluster with low information entropy (0.24) for a protein-protein
cluster from the dimer structure of calcium/manganese antiporter SLC30A10 (PDB ID: 9KVX), showing that two continuous AA fragments can be rebuilt: TALCFTI
(red) and VF (green), where the first fragment forms a short helix. All residues except cysteine and isoleucine in the first fragment and valine in the VF fragment
contain full side chains. (E and F) Same analysis as in (C and D) for a protein-nanobody cluster from a superoxide dismutase bound to nanobody (PDB ID: 8YAT).
In this case, the average information entropy for the masked region is 0.53. Two continuous AA fragments can be restored: SPYK (red) and PHFR (green), with
tyrosine in SPYK and histidine and phenylalanine in PHFR exhibiting full side chains.
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confidence level of the predictions. Information entropy has been
used to measure perplexity in language models (57, 58). We find
Void-X exhibiting remarkably strong inverse correlation between
information entropy of the generated atoms and accuracy for the
test cases, indicating that information entropy can be a reliable
measure of prediction confidence.

A validated measure of prediction confidence offers the oppor-
tunity to evaluate whether a given protein site has favorable prop-
erty for molecular interaction, which we refer to as bindability.
For this purpose, one can position a context-void spherical cluster
around the C, atom of each of the surface-proximal residues of a
protein such that there is ~70% context atoms and ~30% void
atoms. Void-X is then used to fill the voids 100 times to compute
information entropy of the generated atoms, with the notion that
information entropy is inversely correlated with the intrinsic prop-
erty of the local structural site to interact with other proteins (see
SI Appendix, Fig. S8 legend for details). We tested this application
for the human epidermal growth factor receptor (EGFR) without
ligand binding as several different antibody bound structures are
available for this protein. As shown in S7 Appendix, Fig. S8, known
antibody-binding epitopes of EGFR tend to overlap with regions
of low information entropy (high bindability score). Protein sur-
face mapping of functional regions has been addressed computa-
tionally by finding conserved residues in protein phylogenetic
analysis (59). More recently, protein—protein coevolution has been
employed to reveal differences between protein surfaces that have
evolved to bind to other proteins and those that have not (60).
We propose that the Void-X derived bindability metric could be
an alternative indicator of site-specific bindability or potentially
immunogenicity of protein surfaces.

'The Void-X model could also function in synergy with other Al
structure prediction models, such as AlphaFold3. To demonstrate
this application, we used AlphaFold3 to predict the structures of
two antigen—nanobody complexes (PDB IDs: 9HML and 9FZD).
In both test cases, the structures predicted by AlphaFold3 were
incorrect and did not converge to a unique binding mode. For the
protein KIR2DL (9HML), AlphaFold3 provided five different solu-
tions (SI Appendix, Fig. S9A), all with similar confidence scores
(ipTM between 0.10 and 0.12). Likewise, for the OmpA protein
(9FZD), AlphaFold3 predicted 5 solutions with different binding
modes (SI Appendix, Fig. S9B). We then used Void-X to measure
the information entropy of the ground truth and predicted binding
interfaces. Interestingly, in both cases, the ground truth interfaces
exhibit substantially lower information entropy than the incorrectly
predicted interfaces (see S/ Appendix, Fig. S9 legend).

Recent advances in PLMs have incorporated structural information
to enhance representation learning. For instance, the structure-aware
model SaProt (61) extends the standard residue-based vocabulary
to include structural tokens derived from Foldseek (62), thereby
enabling more informative pretraining. Compared to SaProt, Void-X
operates at the atomic level and is trained to generate the structural
details of masked regions within protein structures.

The key difference between Void-X and most other Al-based
protein design methods, including but not limited to RFdiffusion
(36), RFantibody (39), BindCraft (38), and BoltzGen (40), is that
the former employs a bottom—up approach of generating atomic
packing locally to inform global design whereas the latter use a
top—down approach in which the overall protein complexes are
first generated at coarse-grained level and the optimal sequences
are subsequently designed to optimize the interaction. The top—
down approach is attractive in that it provides a design solution to
obtain the entire protein—protein complex, although the accuracy
is limited by the amount of experimental structures of protein—
protein interaction in the database (~160,000). The bottom—up

https://doi.org/10.1073/pnas.2607035123

approach benefits from the local sampling method that can dras-
tically augment the training data to millions and potentially bil-
lions, but will need another model to translate the generated atom
distribution to optimal protein conformation. We believe that as
both approaches improve over time, they will converge and become
truly complementary.

Finally, the current model was trained using spherical clusters
from 189,377 experimentally determined structures. We note that
the training dataset could be expanded by at least 1,000 folds by
the inclusion of structures from the vast AlphaFold repository
(over 200 million structures from 48 different proteomes). It will
be interesting to investigate whether augmenting training data
with AlphaFold structures can further improve the predictive
power of Void-X.

Method

Dataset Construction. Protein structures for model training and evaluation
were obtained from the PDB database as of October 30, 2025. The dataset was
partitioned chronologically: The training dataset comprises structures depos-
ited before March 31, 2023; the validation dataset includes those deposited
between April 1, 2023, and March 31, 2024; and the test dataset consists of
structures deposited after March 31, 2024. Data similarity was limited by a 40%
sequence identity cutoff, ensuring that no sequences in the validation or test
datasets exceed this threshold of similarity with any of sequences in the train-
ing dataset (32, 34). Since sequence-based similarity was used to construct the
datasets, homologous backbone folds could be represented in both the training
and test datasets. However, the corresponding sidechain conformations within
these shared folds often exhibit considerable diversity. Training the model on
structures having similar folds but varied sidechain geometries enhances its
capacity to learn fundamental patterns of atomic packing. Prior to processing,
structures were filtered according to the following criteria: a) the structures must
have well-defined resolution, including X-ray crystal and cryoelectron microscopy
(cryo-EM) structures with resolution better than 5 A:b) protein chains with fewer
than 50 residues are excluded; c) protein chains with more than 50% unassigned
residues are removed.

For structures meeting the initial screening criteria, hydrogen atoms were
added using PDBFixer (63). From each protein structure, spherical clusters of
atoms were collected by centering a 12 A-radius sphere on the C_ atom of a
selected residue and extracting all atoms within this sphere. The selection of a 12 A
radius for generating spherical clusters was guided by a trade-off between the size
of the training dataset and the area coverage of the protein-protein interaction
(PPI). While larger clusters provide more area coverage of PPI, they yield less
training samples. Conversely, smaller clusters allow for a larger training dataset,
but with smaller area coverage of PPI. A 12 A radius was found to be an optimal
compromise, yielding a dataset of sufficient size while covering an average inter-
facial area of ~1,200 A% A cluster was retained if it contains 512-768 atoms and
at least 30 residues. For clusters containing atoms from two polypeptide chains,
a minimum of 96 atoms from the interacting partner chain was required. To
maintain dataset diversity, the maximum atom overlap between any two clusters
derived from the same protein structure was limited to 70% for the training data-
set. Forthe validation and test datasets, clusters within the same protein structure
have no overlapped atom, and atoms from the partner chain were required to
constitute 20%-30% of the total cluster atoms. Moreover, data similarity within the
validation and test datasets was also limited by a 40% sequence identity cutoff.
Following this processing, we collected 8.7 million clusters for training, 3,545 for
validation, and 3,453 for final model evaluation. Finally, for further analysis, we
constructed an additional test dataset comprising 87 spherical clusters derived
from structures deposited after March 31, 2023, representing protein-nanobody
interactions. In this test dataset, the complementarity-determining region (CDR)
sequences of the nanobodies share no more than 40% sequence identity with
those of the antibodies in the training dataset.

Uniformization of Atom Spatial Distribution. Protein surfaces display highly
diverse geometricand chemical properties, presenting a substantial challenge to
the computational design of atomic-level interfaces. A central problem is the lack
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of a generalizable unbiased protocol for the placement of complementary atoms
at an arbitrary structural site. To overcome this limitation, we introduce a cluster
preprocessing strategy that uniformizes the spatial occupancies of all atoms in
each spherical cluster. To maximize atomic occupancy within a sphere, atoms
were arranged in a HCP configuration, which yields the highest average packing
density (64). Specifically, a spherical region with 12 Aradius can be denselyfilled
with 955 uniformly sized balls of radius 1.1 Ain the HCP arrangement. By reas-
signing the spherical cluster of atoms to the uniformly distributed balls, the atom
spatial distribution at the context-mask interface is standardized, thus allowing for
unbiased positioning of atoms for packing against a designated protein surface.

The task of uniformization is to positionally reassign all atoms in the spherical
cluster extracted from the PDB to the uniformly spaced and optimally packed balls
such that the total spatial deviation is minimized. This can be formulated as a lin-
earsum assignment problem, in which the objective is to find a minimum-weight
matching between the two sets of atoms. Specifically, let € be a cost matrix where
C[i, jlrepresents the Euclidean distance between native atom i and repositioned
atom j in the uniform reference. The solution is the assignment matrix X that

minimizes the total cost:
min 3" " €liijIX i, j] (5]
i )

subject to the constraints that X is a binary matrix with each row and column sums
to 1, ensuring a one-to-one matching. This optimization is efficiently solved using
the algorithm described in ref. 65.

AFM. The proposed Void-X is an AFM designed to complete interfacial voids
within protein binding sites. The model operates on a local spherical cluster (SC)
centered on a target binding site, which encompasses the surrounding context
atoms as well as the atomic voids in the interface region to be generated.
Formally, a spherical cluster of N atoms is defined as SC = (at‘, at™, aa, r),
where at° € R™ and at” € R"» denote atom types (defined in S/ Appendix,
Table S2) for the context and masked regions, respectively, withn, +n,, = N,
aa € R" specifies amino acid types, and r € R"< represents atomic coordi-
nates. Within the masked void region, amino acid identities are assigned an
unknown label (UNK). Atomic coordinates in the spherical cluster are trans-
formed from the real space to the uniform lattice space via the uniformization
procedure described above, where the context atoms are returned to their
original positions.

The problem of assigning the masked voids given the context atoms in a
spherical cluster can be formalized as modeling the conditional distribution
plat”|at‘, aa, r), and a generative masked discrete diffusion model (51) is
developed for this purpose. This model is trained on spherical clusters of atoms
extracted from experimentally resolved protein structures. During training, a
forward diffusion process progressively adds noise to original atom types within
the masked region until a uniform distribution is reached. The model is then
optimized to reverse this noising process for recovering original atom types. The
algorithm of model training is given below.

For an atom with K = 50 categories, letat, € {1, ---, K } denote the atom
type,andat, € {0, 1}*representthe corresponding one-hot encoded row vector
at diffusion timestept € {1, ---, T}, where T = 500. In this encoding, the k
-th element of at, is 1 (all others 0) if the atom belongs to the k-th category.
Here, at, is the original data, and at; approaches a uniform distribution over
the K categories.

The noising (forward diffusion) process g is defined as a categorical distribution
with probabilities from p:

q(atat,_,) = Catlat,;p = at,_,Q,). [6]

In Eq. 6, Cat(at,;p) is the categorical distribution over the one-hot row vector
at,and[Q,]; = g(at, = jlat,_, = i)is the transition probability matrix given by

Q= (1—ﬂt)'+%11’, 7]

where I is the K x K identity matrix, 1is a K -dimensional column vector of
ones, and g, € [0, 1]follows a cosine noise schedule (66):
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Mp=1-20

(7[ t/T+S t
f(0) a1

— (T
f(t) = cos 7 T1s

) o =

with s = 0.008 to prevent excessively small g, at the beginning of the noising
process. Under these formulations, a small amount of uniform noise is added incre-
mentally as the timestep t increases, and the previous value at,_,is sampled with
probability 1 — B,.The transition matrix @,is applied independently to each atom.

Because the diffusion process is Markovian, g (at . |at,) = TT._, q(at/lat,_, ),
at, can be sampled directly from at; via:

q(at,|at,) =Cat(at,;p=at,Q,), @, = 0,0, - Q, [91

where @, is the cumulative product. And the categorical posterior distribution at
diffusion timestep t — 1can be derived in closed form:

qlat,|at,_,, at))q(at,_,|at,)
g(at,|at,)
atQ'oat,Q,
at,Q.at,

q(at,_;lat, at)) =
[10]
=Cat(at,_,;p=

where T represents transpose operation and ® denotes element-wise
multiplication.

In the denoising (reverse diffusion) process, the DiT (52) serves as the back-
bone of the AFM (S Appendix, Fig. S34), which predicts the clean data at,, from
the noisy data at,. The AFM accepts input features describing individual atoms
and atom-atom pairs, defined as

F, = Emb(at") + Emb(aa), F,, = Emb(dist(r)), [11]
where F, and F,, denote atomic-level and pairwise features respectively, at”
includes context atoms and noised atoms. Emb( « ) retrieves learnable embed-
dings using the input indices, and dist( « ) calculates the Euclidean distance
between atom pairs. Distances are discretized into 64 bins, each with a width of
0.375 A, covering a total range of 0 to 24 A. This range aligns with the diameter
of the spherical cluster used to represent the local atomic environment.

The atomic-level and pairwise input features are then processed through a
series of transformer-based DiT blocks, as defined by

F,,F. = DiTblock'(F,", F,", 1), [12]

where | denotes the / -th DiT block. The diffusion timestep t is incorporated
via adaptive layer normalization (adaLN) (67), which performs feature-wise
normalization with parameters regressed from the embedding of t. From the
outputs of the final DiT block, four separate prediction heads are constructed for
the masked region: one for atom type (S/ Appendix, Fig. S3B), one for amino acid
type (S Appendix, Fig. S3C), one for pairwise weight (Eq. 14) used in coordinate
refinement (S/Appendix, Fig. S3D), and one for interatomic distance (S Appendix,
Fig. S3E). These predictions are formulated as

at = MLP,(F' t), aa

= MIP,, (FLt),d = MIP(F,, 1) [13]

L, (r, = 1)MLP (AF,, 1)
AF, =F, —FF=r+ 3 ———"— [
j=1

where each MLP denotes a two-layer feedforward neural network, at, aa, and d
represent the predicted atom type, amino acid type, and interatomic distance
(assigned to 64 bins) respectively, N is the number of atoms, and 7; is the refined
coordinate of atom /, obtained via a weighted sum of displacement vectors rela-
tive to all other atoms (68, 69).

The AFM denoising network approximates the true atomic state at by predict-
ing a categorical probability distribution B, (at, |at,) at each diffusion timestep.
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Using the posterior distribution defined in Eq. 10, the reverse generative distri-
bution p, (at,_,|at, ) is then parameterized by

po(at,_slat,) o Z glat,_,|at,, at,)p,(at [at,), [15]

aty

where the sum is taken over all possible realizations of the predicted state at,.
To train the reverse denoising process, we minimize the Kullback-Leibler (KL)
divergence between the learned generative distribution and the categorical
posterior distribution:

Ly = Dylq (atr—1 |at,, ato) [1pe (atz—1 |atz)): [16]

where Ly, is averaged over all noised atoms. To enhance training stability and
prediction accuracy, auxiliary loss terms are incorporated. The cross-entropy loss
is applied for atom type (L,,), amino acid type (L,,), and interatomic distance
(Lgisr), €ach measured against the corresponding ground truth categorical labels,
defined as

C
Lat! Laa'Ldr'st = - nyl()g(j/\i)/ [17]
i=1

where y; is the true label for class i, J; is the predicted probability for class i, C
is the number of classes. For atomic coordinate refinement, the smooth L1 loss
(Leporg) is Used to penalize displacement errors, defined as

L { 0.5(r =7, if|r =71 < 1.0
coord —

R [18]
|r=7] 0.5, otherwise

where r is the true coordinate component and 7 is the predicted coordinate

component. The complete training objective is therefore:

L= Lat + Laa + Ldist + Lroord + LKL' [1 9]

Model Training. In the AFM configuration (S/ Appendix, Table S1), the architec-
ture comprises 36 DiT blocks with a hidden dimension of 512 and 16 attention
heads.The model was trained using the AdamW (70) optimizer with a base learn-
ing rate of 1 x 10™* and a weight decay of 0.01. The leaming rate followed a
polynomial schedule over 3 million training steps, with a linear warmup from 0
to the base learning rate across the first 2,000 steps, then decaying to 1 x 107
with a power factor of 1. A constant learning rate of 1 x 107 was maintained
for further training. Training was conducted with a global batch size of 64, and
gradients were clipped to a maximum norm of 10. The model was trained on 8
NVIDIAH100 GPUs, completed in approximately 3 wk.

Evaluation Metrics. The quality of atomic void filling within the masked region
is evaluated by comparing the generated atoms to their corresponding ground
truth in the protein structures. For each spherical cluster, the generated atom
distributions are evaluated using two metrics: accuracy (ACC) and RMSD. ACC
is defined as the fraction of atoms in the masked region with correctly assigned
atom type. RMSD quantifies the average spatial deviation from ground truth of
all atoms in the masked region filled by the AFM.
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In protein structures, the distribution of atom types is imbalanced, as back-
bone atoms occur with higher frequency than individual sidechain atoms. To
enable a detailed assessment of the AFM across all atom types, we compute a
precision-recall (PR) curve for each type. Using the backbone alpha carbon (C,)
as an example, precision and recall are defined as follows:

TP TP

Ul Tl ol
where TP is the number of correctly assigned C, atoms (true positive), FP is the
number of incorrectly assigned C, atoms (false positive), and false negative (FN)
is the number of ground truth C, atoms that are not matched by any generated
atoms. The PR curve is constructed by plotting precision against recall at varying
thresholds (from 0 to 1). A higher area under the curve reflects better quality of
generation, characterized by both high precision and recall. The average precision
(AP) approximates the area under the PR curve, formulated as

[20]

AP = Zi(R, —R_,)P, [21]

where P;and R; are the precision and recall defined in Eq. 20 at the i-th threshold.
We report the mean average precision (mAP) by averaging AP values across all
atom types. This metric is calculated using all atoms from all spherical clusters
in the test dataset.

For confidence assessment, we employ information entropy as a measure of
uncertainty for the atomic packing generated by Void-X. Given an arbitrary spher-
ical cluster with context atoms and masked voids, 100 independent void fillings
are sampled for the masked region. For a detailed derivation of the information
entropy, please refer to the main text.
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tures were downloaded from https://files.wwpdb.org/pub/pdb/data/structures/
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the article and/or S/ Appendix.
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