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Abstract

Inverse Protein Folding (IPF) is a critical subtask in the
field of protein design, aiming to engineer amino acid
sequences capable of folding correctly into a specified
three-dimensional (3D) conformation. Although substantial
progress has been achieved in recent years, existing meth-
ods generally rely on either backbone coordinates or molecu-
lar surface features alone, which restricts their ability to fully
capture the complex chemical and geometric constraints nec-
essary for precise sequence prediction. To address this limita-
tion, we present DS-ProGen, a dual-structure deep language
model for functional protein design, which integrates both
backbone geometry and surface-level representations. By in-
corporating backbone coordinates as well as surface chemical
and geometric descriptors into a next-amino-acid prediction
paradigm, DS-ProGen is able to generate functionally rele-
vant and structurally stable sequences while satisfying both
global and local conformational constraints. On the PRIDE
dataset, DS-ProGen attains the current state-of-the-art recov-
ery rate of 61.47%, demonstrating the synergistic advantage
of multi-modal structural encoding in protein design. Further-
more, DS-ProGen excels in predicting interactions with a va-
riety of biological partners, including ligands, ions, and RNA,
confirming its robust functional retention capabilities.

Introduction
Inverse Protein Folding (IPF) remains a pivotal topic in
molecular biology and protein engineering, with the aim of
designing protein sequences with targeted functionalities for
given three-dimensional structures (Yue and Dill 1992; Zhou
et al. 2023; Gao et al. 2023; Jiang et al. 2025b). Recently,
significant strides have been made in text processing through
advancements in Natural Language Processing (NLP) and
Large Language Models (LLMs) (Gu et al. 2021; Achiam
et al. 2023; Jiang et al. 2023; Liu et al. 2024). These method-
ologies have been successfully applied to the “language” of
biology (Ferruz, Schmidt, and Höcker 2022; Madani et al.
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Figure 1: Protein sequence design conditioned on structural
inputs: backbone geometry and solvent-accessible surface
area (SASA) characteristics.

2023; Jiang et al. 2025c; Nijkamp et al. 2023; Wang et al.
2025; Jiang et al. 2025a), such as sequences and structural
bioinformatics, offering fresh perspectives and technolog-
ical foundations for prediction of sequence-structure rela-
tionships (Xiao et al. 2024; Heinzinger et al. 2024).

Despite notable progress in applying language model ap-
proaches to protein science (Ferruz, Schmidt, and Höcker
2022; Madani et al. 2023; Nijkamp et al. 2023), most exist-
ing models for inverse folding rely heavily on singular struc-
tural representations either utilizing backbone geometric in-
formation, like skeletal coordinates (Dauparas et al. 2022;
Jendrusch, Korbel, and Sadiq 2021), or focusing solely on
molecular surfaces (Song et al. 2024). While backbone coor-
dinates can reflect the intrinsic topology of the entire protein
structure, they fail to capture crucial chemical features on
the exterior surface that interact with the environment or lig-
ands (Emonts and Buyel 2023; Cao et al. 2022). Conversely,
surface information tends to overlook the influence of back-
bone conformations on the overall stability and functionality
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of proteins (Song et al. 2024). Therefore, a significant chal-
lenge remains in achieving comprehensive modeling of both
the “internal-external” structures in inverse folding tasks.

Our study introduces DS-ProGen (Dual-Structure Protein
Generator) model, which uniquely captures both the protein
backbone and its SASA characteristics (Figure 1). Unlike
unimodal models, DS-ProGen uses a backbone encoder to
capture main chain coordinates, dihedral angles, and local
geometric vectors, crucial for understanding internal struc-
tures. The surface encoder processes atomic types, curva-
ture distributions, and chemical environments, focusing on
micro-features at active sites and binding interfaces. These
dual streams of information feed into a multimodal space
and a multi-layer decoder that applies autoregressive tech-
niques in sequence modeling. This approach allows for a
holistic consideration of both geometric layout and surface
chemical features when predicting amino acids. DS-ProGen
outperforms traditional methods that rely solely on back-
bone coordinates or surface features, offering a richer struc-
tural and chemical analysis during inverse folding. Tests
confirm its enhanced sequence generation capabilities and
high functional accuracy in scenarios like ligand binding and
complex molecular interactions.

The main contributions of our paper are: (1) Introduc-
ing the first multimodal protein language model for in-
verse folding, capturing backbone and surface chemical de-
tails. (2) Using geometric vectors with autoregressive Trans-
former decoding to improve sequence accuracy and struc-
tural fidelity. (3) Achieving higher sequence recovery rates
on benchmarks and producing proteins viable for ligand and
ion interactions. (4) Demonstrating enhancements in struc-
tural reconstruction and functional retention, with signifi-
cant implications for drug discovery and synthetic biology.

Related Works
Language Models for Scientific Applications
Transformer-based language models (Devlin et al. 2019;
Radford et al. 2018) have been adapted to scientific do-
mains, which often require structured representations and
domain-specific vocabularies. Recent works like NatureLM
(Xia et al. 2025) and UniGenX (Zhang et al. 2025) show that
combining language models with scientific data accelerates
tasks such as molecule synthesis and discovery.

Protein Language Models
Protein sequences mirror natural language properties, mak-
ing them suitable for language modeling. Masked models
like ESM (Lin et al. 2023; Hayes et al. 2025) capture struc-
tural and functional features through large-scale sequence
pretraining, enabling tasks like function prediction. Autore-
gressive models such as ProGen2 (Nijkamp et al. 2023)
and ProtGPT2 (Ferruz, Schmidt, and Höcker 2022) gener-
ate realistic proteins and support zero-shot fitness prediction,
demonstrating strong design potential.

Inverse Protein Folding
Inverse protein folding (Yue and Dill 1992) aims to generate
amino acid sequences for a desired target structure. Classical

approaches like Rosetta (Das and Baker 2008) can be com-
putationally intensive, while recent deep learning methods
learn structure-conditioned sequence distributions. Protein-
MPNN (Dauparas et al. 2022) and ESM-IF (Hsu et al. 2022)
primarily rely on backbone geometry for strong sequence re-
covery. Other methods, such as PiFold (Gao et al. 2022) and
SurfPro (Song et al. 2024), encode local geometry or surface
annotations. These approaches reveal a trade-off between in-
ternal structure capture and external interface modeling, and
most still underutilize natural sequence evolutionary priors.

Methods
To address these limitations, we propose DS-ProGen, a
dual-structure deep language model for functional protein
design that integrates both backbone and surface informa-
tion to comprehensively characterize protein structures. DS-
ProGen consists of a dual-branch encoder that extracts geo-
metric and biochemical features from backbone coordinates
and molecular surfaces, respectively, and a dual-structure fu-
sion design decoder. An overview of the architecture is illus-
trated in Figure 2.

Backbone Geometric Encoder

We propose a backbone geometric encoder to extract the
structural features of a protein based on the 3D coordinates
of its backbone atoms.

To construct the input embeddings, we first extract the
backbone atoms, namely, nitrogen (N), carbon (C), and al-
pha carbon (Cα), from each residue. Their 3D coordinates
are concatenated into a tensor ci ∈ RL×3×3, where L is the
sequence length.

Each residue is represented by a combination of scalar and
vector features: the scalar feature s ∈ Rds includes dihe-
dral angles and pairwise distances, while the vector feature
V ∈ Rdv×3 encodes local spatial orientations. These fea-
tures are updated using Geometric Vector Perceptron (GVP)
layers (Jing et al. 2020), which are designed to be rotation-
equivariant for vector channels and rotation-invariant for
scalar channels. In our implementation, we use 4-layer GVP,
each with dimensionality ds = 128 and dv = 16.

The update rules within each GVP layer are given by:

V′ = σ+(vµ)⊙Vµ,

s′ = σ (Wm[s; sh] + b) ,

Vh = WhV, Vµ = WµVh,

sh = ∥Vh∥2, vµ = ∥Vµ∥2,

(1)

where Wh, Wµ, and Wm are trainable weight matrices, and
σ, σ+ denote activation functions for scalar and vector chan-
nels, respectively.

After the GVP layers, a Transformer encoder (Vaswani
et al. 2017) with 8 layers is applied to capture relational
dependencies among residues via multi-head self-attention.
The final output is a sequence of embeddings B ∈ RL×hs ,
where hs = 1024 matches the hidden state dimension of the
sequence decoder.
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Figure 2: DS-ProGen integrates backbone and surface structural information to enable functional protein design. The backbone
geometric encoder extracts geometric features from the N, C, and Cα atoms of protein structures. The surface feature encoder
processes atomic types, surface points, and curvature features. The backbone and surface embeddings are projected into a
unified hidden space and combined to form a single representation with the target sequence length. Then, a dual-structure
fusion design decoder auto-regressively generates/designs the protein sequence conditioned on the structural context.

Surface Feature Encoder
In addition to backbone structural features, the surface in-
formation of a protein provides complementary insights into
its three-dimensional geometry. To leverage this additional
structural perspective, we design a dedicated surface en-
coder capable of extracting and encoding surface informa-
tion.

Surface Features Our representation of the protein sur-
face incorporates three major components: atomic features,
chemical and geometric properties of the surface points, and
local curvature information.

We extract both the atomic coordinates and atom types.
Formally, for each protein chain, we denote the atom co-
ordinates as {ai}Mi=1 and atom types as one-hot encodings
{ti}Mi=1, where:

ai ∈ R1×3, ti ∈ R1×6. (2)
Here, M is the total number of atoms. To simplify modeling
and align with existing atom embeddings, we restrict our fo-
cus to six common element types (C, N, O, S, Se, H) and
discard proteins containing other atom types.

To describe the external geometry of proteins, we con-
struct surface point clouds. We apply a smooth distance
function (Blinn 1982) and van der Waals radii (Batsanov
2001) to generate accurate surface representations. The re-
sulting surface points are denoted as:

{xi}Ni=1, xi ∈ R1×3, (3)
where N is the total number of points sampled from the sur-
face. To make the batched training available, as previous lit-
erature(Yuan et al. 2023) had done, we set the limitation of

the point as 8,192. If the surface of the protein has more
than 8,192 points, we will randomly choose 8,192 points
as the input of surface information. If the surface data in-
cludes fewer than 8,192 points, we would randomly choose
the points in the surface data above and then use them to pad
the data to 8,192 points.

To enrich the surface points with local geometric and
chemical context, we further compute detailed features
around each surface point. For geometry, we derive normal
vectors ni ∈ R1×3 and multiscale mean and Gaussian cur-
vatures ui across five radii (1Å, 2Å, 3Å, 5Å, 10Å):

{ui}Ni=1, ui ∈ R1×10. (4)
For chemical context, we consider the 16 nearest neigh-

boring atoms around each surface point, following previ-
ous work (Yuan et al. 2023; Sverrisson et al. 2021), which
provides a good trade-off between capturing sufficient lo-
cal chemical information and maintaining computational ef-
ficiency. The distance between the i-th surface point and its
j-th neighboring atom is:

dij = ∥aj − xi∥, (5)

And the complete neighborhood feature is:

{(tj , dij) | aj ∈ Ni} ∈ R16×7, (6)

where Ni denotes the set of 16 nearest atoms to xi, and tj is
the one-hot atom type encoding.

Patches Tokenizer Handling full surface point clouds is
computationally prohibitive. Inspired by vision transformer
(ViT) models (Tolstikhin et al. 2021), we segment the sur-
face into local patches. We first select g center points via
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farthest point sampling (FPS) (Eldar et al. 1997). For each
selected center ci, we gather a local patch using K-nearest
neighbors (KNN) (Zhang 2016):

{Pi}gi=1 = KNN({ci}gi=1, {xj}Nj=1) ∈ Rg×K×3, (7)

where each patch Pi contains K surface points, centered
around ci.

Each patch is further enriched by embedding the one-hot
atom types. An MLP followed by three message-passing
layers encodes the atom features, producing a feature vec-
tor:

f c
i ∈ R1×6. (8)

To integrate geometric context, we concatenate the chemical
embedding f c

i with the curvature vector ui, yielding:

f
cg
i = [f c

i ;ui] ∈ R1×16. (9)

This combined feature is updated through an MLP:

f
cg(l+1)
i = f

cg(l)
i + MLP(f cg(l)

i ), (10)

starting from f
cg(0)
i = f

cg
i , fi ∈ R.

Surface Transformer The final features of all g patches
are passed through a Transformer block (Vaswani et al.
2017) to model global interactions across the surface. Fol-
lowing feature aggregation, we project the g×d feature ma-
trix into an hg × hs space via two consecutive linear layers,
where hg is the dimension of surface atomic features and hs

is the hidden state dimension of the sequence decoder layers.
A max-pooling operation along the surface points reduces
the dimensionality, yielding S ∈ RL×hs , where L denotes
the target sequence length.

Dual-Structure Fusion Design Decoder
Our model adopts a Transformer decoder architecture
to model the conditional generation of amino acid se-
quences (Vaswani et al. 2017; Nijkamp et al. 2023). In this
framework, the sequence modeling task is formulated in an
auto-regressive manner, where the joint probability of a se-
quence x = {x1, x2, . . . , xT } is factorized as a product of
conditional probabilities:

P (x) =
T∏

t=1

P (xt | x1, x2, . . . , xt−1). (11)

At each time step, the decoder predicts the next token based
solely on the preceding tokens, ensuring causality in gener-
ation.

To provide the model with structural context, we first inte-
grate the backbone and surface representations. Specifically,
we compute the combined structural embedding as:

R = B + S, (12)

where B and S are the backbone and surface feature embed-
dings, both projected into the same hidden dimension hs.

The sequence decoder input is then constructed by
prepending the combined structural embeddings R as con-
dition to the beginning of the sequence input embeddings.
Formally, the decoder input matrix is:

X = [R;Et], (13)

where R ∈ RL×hs are the structural embeddings and Et ∈
Rt×hs are the sequence token embeddings.

For an input embedding matrix X ∈ Rt×hs , the Trans-
former decoder processes the sequence through stacked self-
attention and feed-forward layers. The output hidden states
H ∈ Rt×hs are then projected by a linear layer to obtain the
logits over the amino acid vocabulary:

Z = HWout + bout, (14)

where Wout ∈ Rhs×V and V is the vocabulary size. At each
position, the next amino acid is predicted based on the logits.

Our implementation follows the GPT-2 (Radford et al.
2019; Nijkamp et al. 2023) architecture, using stacked
Transformer decoder layers to progressively refine the se-
quence representations and predict the next amino acid at
each step.

Experiments
Experimental Setup
Datasets Our training procedure is divided into a pre-
training stage and a fine-tuning stage. Pretraining is moti-
vated by the proven scaling laws of auto-regressive mod-
els, where performance systematically improves with larger
model sizes and larger training datasets. Furthermore, prior
work (Lin et al. 2023) has demonstrated that pretraining sig-
nificantly enhances the generalization ability of protein se-
quence models.

For the pretraining phase, we construct two datasets:
For backbone-only models, we gather over 40 million
structure-sequence pairs from the FoldComp-compressed
(Kim, Mirdita, and Steinegger 2023) AlphaFoldDB Cluster
Representatives (Jumper et al. 2021) and the high-quality
ESMAtlas datasets (Lin et al. 2023), including only pro-
teins with fewer than 512 residues. For models learning from
both backbone and surface, we select roughly 80,000 pro-
teins from the same collection, focusing on those with valid
surface data. This number balances the complexity of fea-
ture extraction, computational efficiency, and model perfor-
mance. Our results confirm that using these 80,000 surface-
annotated proteins achieves strong outcomes with manage-
able computational demands (Table 4).

For fine-tuning and evaluation, We use the PRIDE bench-
mark (chq1155 2024) with 32,389 training proteins from
CATH4.3 and 504 test proteins from CAMEO, ensuring
structural diversity and difficulty.

During fine-tuning and evaluation, the model with the sur-
face encoder was trained only on samples with available sur-
face information, or it just used the backbone information.
The backbone-only model and baselines were trained on the
full dataset without such restrictions.

During inference, we perform sampling to generate se-
quences. We use a temperature of 0.1 and apply top-k sam-
pling with k = 10 to control the diversity of the generated
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Model 0<len<100 ↑ 100≤len<300 ↑ 300≤len<500 ↑ Overall ↑
ProteinMPNN 41.63 48.61 52.07 48.44
PiFold 43.75 52.24 55.33 51.74
ESM-IF 39.73 52.72 58.64 51.85
GRADE-IF 44.06 51.64 57.29 51.90
InstructPLM 45.07 53.47 56.83 53.41

DS-ProGen (backbone-only) 43.14 55.18 60.27 52.61
DS-ProGen 63.50 64.46 63.15 61.47

Table 1: The average recovery rate (%) of DS-ProGen and baseline models on the PRIDE test set, grouped by sequence length.
Bold indicates the best result in each column.

sequences while maintaining high fidelity to the predicted
distribution.

Implementation Details Before training, we initialize the
model parameters as follows: for the sequence decoder, we
load the pretrained weights from ProGen2-small (Nijkamp
et al. 2023); for the backbone encoder, we adopt the GVP
and Transformer encoder parameters from ESM-IF (Hsu
et al. 2022). During training, the backbone encoder is frozen
to preserve its learned structural representations.

The overall model contains approximately 300M param-
eters. For the pretraining stage, we use a dataset of either 40
million or 80 thousand structure-sequence pairs. The model
is trained for 1 epoch with a batch size of 16 using a single
NVIDIA A100 GPU (80 GB memory) under FP32 preci-
sion. Training takes approximately 120 GPU-hours for the
40M dataset and 7 GPU-hours for the 80K dataset. The
learning rate is set to 1 × 10−4 with the Adam optimizer,
using a 5% warm-up phase followed by cosine annealing
decay to zero.

For the fine-tuning stage, the model is trained for 2 epochs
with a batch size of 8. The learning rate during fine-tuning
is reduced to 2× 10−5, also using the Adam optimizer with
cosine decay.

Evaluation Metrics
To evaluate the accuracy of sequence prediction, following
previous research of inverse folding (Jing et al. 2020; Gao
et al. 2024), we use the recovery rate as the primary metric.
The recovery rate measures the proportion of residues where
the predicted amino acid matches the ground-truth amino
acid at the same position.

Formally, given a ground-truth sequence
y = (y1, y2, . . . , yL) and a predicted sequence
ŷ = (ŷ1, ŷ2, . . . , ŷL) of length L, the recovery rate R
is defined as:

R =
1

L

L∑
i=1

I(yi = ŷi), (15)

where I(·) is the indicator function, which equals 1 if the
condition inside is true and 0 otherwise.

In addition to the recovery rate, to assess whether the gen-
erated sequences can correctly refold into the desired tar-
get structures, we further evaluate the predicted structures

using AlphaFold3 (Abramson et al. 2024). Specifically, for
each generated sequence, we predict its three-dimensional
structure and compare it with the native target structure us-
ing two metrics: TM-Score (Zhang and Skolnick 2004) and
Root-Mean-Square Deviation (RMSD). Higher TM-Score
and lower RMSD indicate better structural quality.

Baselines
We compare our method against five models: ProteinMPNN
(Dauparas et al. 2022), PiFold (Gao et al. 2022), ESM-IF
(Hsu et al. 2022), GRADE-IF (Yi et al. 2023), and Instruct-
PLM (Qiu et al. 2024). ProteinMPNN, PiFold, GRADE-IF,
and InstructPLM are retrained on the PRIDE benchmark
training set to ensure a fair comparison. For ESM-IF, we
directly evaluate the released pretrained models without fur-
ther fine-tuning. All baselines are based on their official im-
plementations, with only minor modifications for environ-
ment compatibility.

Main Results
As shown in Table 1, DS-ProGen achieves the highest over-
all recovery rate of 61.47% on the PRIDE test set, con-
sistently outperforming all baselines across sequence length
ranges. The improvement is particularly notable on short se-
quences (len<100), where DS-ProGen reaches 63.50%,
nearly 20 percentage points higher than the second-best
model InstructPLM (45.07%). This highlights the value of
surface features in low-resolution backbone graphs, where
node sparsity limits the capacity of graph-based encoders to
extract representations.

Moreover, as shown in Table 1, DS-ProGen not only
achieves a higher median recovery rate but also exhibits a
narrower distribution across test samples, suggesting greater
robustness and reduced variance compared to the baselines.

Regarding structural fidelity, Table 2 shows that while
DS-ProGen achieves the lowest RMSD among all models,
its TM-Score is marginally lower than those of PiFold and
ESM-IF. We note that the structures used for evaluation are
predicted by AlphaFold3, which, despite its high accuracy,
still introduces prediction noise. Therefore, differences in
TM-Score or RMSD do not definitively indicate superior-
ity or inferiority in structural realism or design quality of the
generated sequences.

Despite achieving a high recovery rate and structural sim-
ilarity, the designed sequences exhibit only 61.9% sequence
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Model TM-Score (%) ↑ RMSD (Å) ↓
Mean Median Mean Median

ProteinMPNN 87.58 94.72 1.935 0.7477
PiFold 88.43 95.11 1.859 0.6448
ESM-IF 88.38 95.58 1.652 0.5811

DS-ProGen (backbone-only) 86.11 94.03 1.780 0.6087
DS-ProGen 87.30 94.88 1.401 0.5575

Table 2: TM-Score and RMSD measure between AlphaFold3-predicted structures from model-generated sequences and target
structures, PRIDE test set. Bold indicates the best result in each column.

Figure 3: Design cases for DS-ProGen and baselines (Length is 403). A lower RMSD indicates greater structural similarity,
while a lower Identity Sequence Similarity suggests stronger diversity in the designed sequences.

similarity (Figure 5), indicating significant diversity. The
overall trends are encouraging. DS-ProGen’s performance
aligns closely with the top-performing baselines, and the
uniformly low RMSD values across the test set suggest our
model reliably generates sequences that fold into physically
plausible structures (as illustrated in Figure 3). This un-
derscores the benefit of incorporating surface information,
which not only boosts sequence recovery but also maintains
or enhances structural compatibility, especially regarding lo-
cal precision and foldability.

Ablation Study
To systematically assess the contributions of different model
components, we conduct two sets of ablation studies within
the DS-ProGen framework: (1) encoder design, and (2) pre-
training strategy.

Encoder Design. We evaluate the impact of using the
backbone encoder (b enc) and surface encoder (s enc). The
results are summarized in Table 3.

Methods Recovery Rate (%)

DS-ProGen 61.47
w/o s enc 50.71
w/o b enc 31.06

Table 3: Ablation study on the encoder design of DS-
ProGen. All models are pretrained on the same 80k dataset
with available surface information. Removing either the
backbone encoder (b enc) or the surface encoder (s enc) re-
sults in performance degradation, highlighting their comple-
mentary contributions.

As shown in Table 3, jointly using both the backbone and
surface encoders yields the highest recovery rate (61.47%).
Removing the surface encoder (w/o s enc) leads to a mod-
erate performance drop, while removing the backbone en-
coder (w/o b enc) causes a significant degradation. This in-
dicates that backbone geometry provides strong global struc-
ture cues, while surface captures important local features,
and the combination of both is critical for sequence design.

Pretraining Strategy. We further examine the impor-
tance of pretraining by comparing models trained with/ and
w/o initialization from large structure-sequence pairs. The
results are presented in Table 4.

Methods Recovery Rate (%)

DS-ProGen (backbone-only) 52.61
w/o pretraining 33.62

Table 4: Ablation study on the effect of pretraining in DS-
ProGen. Pretraining on 4M structure-sequence pairs signif-
icantly improves model performance compared to training
from scratch, demonstrating its critical role in enhancing
generalization and convergence.

As shown in Table 4, pretraining brings a substantial gain
of nearly 19% in recovery rate (52.61% vs. 33.62%). This
highlights the necessity of pretraining for establishing strong
structure-aware sequence priors, which significantly acceler-
ates convergence and boosts generalization.
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Figure 4: Structural alignment between ground truth structures (blue) and predicted structures (light brown) folded from protein
sequences generated by DS-ProGen, visualized across four representative cases. Each panel highlights the global fold alignment
and a zoomed-in view of the functional binding pocket, showing key residues together with the corresponding ligand or ion (e.g.,
ATP, GTP, Cu2+). The predicted sequences lead to highly accurate structural models, with high TM-scores, low RMSDs, and
strong recovery rates, demonstrating DS-ProGen’s ability to preserve both global topology and local biochemical specificity.
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Figure 5: Histogram and kernel density estimation (KDE)
plot of sequence similarity scores between generated se-
quence and groundtruth on PRIDE test set.

Downstream Tasks: Ligand and Ion-Protein
Interaction Design
Beyond the standard inverse folding task, our further expec-
tation is to design functional proteins with practical utility.
Specifically, given the structure of a protein known to bind
with a particular ligand or ion, we used DS-ProGen to gener-
ate compatible amino acid sequences. Molecular recognition
between proteins and ligands drives many biological pro-
cesses (Janin, Bahadur, and Chakrabarti 2008), while ion-

protein interactions are always playing critical roles in bio-
chemical processes (Roberts et al. 2015). To evaluate DS-
ProGen in these contexts, we applied it to design sequences
for both ligand- and ion-binding proteins, then predicted
their 3D structures using AlphaFold3 and employed UCSF
ChimeraX (Pettersen et al. 2021) for visualizing structural
similarity between the ground truth and the predicted struc-
tures. In both tasks, as illustrated in Figure 4, the generated
sequences consistently yield highly accurate structural mod-
els, reflected by high TM-scores, low RMSDs and strong re-
covery rates, demonstrating that DS-ProGen can effectively
design proteins with both strong binding capabilities and
high structural fidelity to their targets.

Conclusion and Outlook
We introduce DS-ProGen, a dual-structure generative model
for protein design that utilizes both backbone and surface
features. By leveraging geometric and chemical cues, it sur-
passes single-modality baselines with a 61.47% recovery
rate on the PRIDE benchmark and excels in tasks like lig-
and and ion interaction design.

Looking ahead, future work will focus on scaling the
training data and applying DS-ProGen to more complex de-
sign challenges, such as engineering enzymes and antibod-
ies. We also plan to integrate protein dynamics to better
model function. Ultimately, experimental validation of the
designed proteins will be a critical next step to confirm their
real-world efficacy and therapeutic potential.
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