SurfDesign: Effective Protein Design on Molecular Surfaces

Fang Wu'! Shuting Jin? Xiangru Tang®> Mark Gerstein

Abstract

Protein function is largely determined by molecu-
lar surface geometry and physicochemical com-
plementarity, yet most protein design methods
condition only on backbone structure. We intro-
duce SurfDesign, a surface-conditioned protein
design framework that models molecular surfaces
as continuous geometric manifolds and integrates
them with pretrained protein language models.
SurfDesign employs surface-based equivariant
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message passing to capture surface normals, cur-
vature, and directional geometry, together with
a parameter-efficient fine-tuning strategy. Fo-
cusing on functional protein design, we show
that SurfDesign consistently outperforms prior
surface-conditioned and backbone-only methods
on de novo binder and enzyme design bench-
marks. We also report strong performance on
inverse-folding benchmarks as a diagnostic of
structural compatibility. Our results highlight
manifold-aware surface representations as a prin-
cipled foundation for functional protein and en-
zyme design. Code is available at https://
github.com/smiles724/SurfDesign.

1. Introduction

Proteins are fundamental molecular machines that drive
nearly all biological processes, including catalysis, molecu-
lar recognition, signaling, and regulation. Recent advances
in deep learning (DL) (Huang et al., 2016; Song et al., 2020)
have substantially accelerated progress in protein design,
shifting the field from physics-based optimization toward
data-driven generative modeling (Ingraham et al., 2019; Jing
et al., 2020; Hsu et al., 2022; Zheng et al., 2023; Wang et al.,
2024). A dominant paradigm in this space is structure-based
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Figure 1. Protein design setups, conditioned on backbone struc-
tures or molecular surfaces.

inverse folding (Defresne et al., 2021), where a target back-
bone is specified, and a compatible amino-acid sequence
is generated. A large body of work has demonstrated im-
pressive improvements under this formulation, especially
with graph neural networks (GNNs) and pretrained protein
language models (PLMs) (Rives et al., 2021).

However, the ultimate objective of protein design extends
beyond folding correctness (Song et al., 2024; Tang et al.,
2025). Many practical design tasks, such as enzyme engi-
neering, receptor-ligand binding, and de novo interaction
design, are governed not solely by backbone geometry, but
by localized surface shape and physicochemical comple-
mentarity (Gainza et al., 2023; Wu & Li, 2024b; Wu et al.,
2025c¢; 2026a; Li et al., 2025b). Proteins with nearly identi-
cal folds can exhibit drastically different functions if their
surface charge distributions, curvature, or hydrophobic pat-
terns differ. Consequently, backbone-only approaches may
fail to adequately constrain functional interfaces, even when
global folding is correct (Li et al., 2025a).

Molecular surfaces provide a natural and functionally
grounded representation. Defined by smooth atomic bound-
aries, protein surfaces directly mediate physical interactions
with substrates, ligands, and binding partners. Surface ge-
ometry encodes shape complementarity, while surface-level
physicochemical patterns determine specificity and affinity.
Prior work (Song et al., 2024; Li et al., 2025b) in protein
surface modeling has demonstrated the effectiveness of sur-
face representations for interaction prediction and binder
design, highlighting their importance in functional protein
discovery. Despite this, surface-conditioned generation re-
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mains underexplored, and existing methods often rely on
discretized point clouds or meshes that inadequately capture
intrinsic continuity and geometry.

Two key challenges exist in surface-conditioned design.
First, molecular surfaces are continuous and smooth mani-
folds (Lee et al., 2023; Sun et al., 2024), whereas existing
methods (Song et al., 2024; Zhang et al., 2023) treat them
as unordered collections of points or fixed meshes, ignoring
local tangent structure, curvature, and directional consis-
tency. This mismatch restricts the expressiveness of learned
representations and hampers generalization to fine-grained
functional regions such as binding pockets and catalytic
sites. Second, crystal structures are limited in number rela-
tive to available sequences, making it difficult to train data-
hungry models purely from surface-sequence pairs. Surface
information alone may be insufficient in buried regions,
where evolutionary and sequential priors play complemen-
tary roles.

To address them, we propose SurfDesign that explicitly mod-
els molecular surfaces as geometric manifolds and integrates
them with PLMs (Zheng et al., 2023; Qiu et al., 2024; Wang
et al., 2024; Mao et al., 2023) (see Fig. 2). We introduce a
surface-conditioned equivariant message passing (SEMP)
encoder that leverages surface normals, curvature, and di-
rectional relationships to capture local manifold structure
while preserving roto-translation equivariance. To mitigate
data scarcity and enhance sequence modeling, we further
incorporate a hybrid parameter-efficient fine-tuning (PEFT)
strategy that injects surface-derived structural information
into PLMs without full retraining. Importantly, SurfDesign
is designed primarily to generate functional proteins. In
functional design tasks such as binding and enzyme recog-
nition, there is no unique ground-truth sequence associated
with a given structure or surface. Instead, multiple diverse
sequences may satisfy the same functional constraints. Ac-
cordingly, we treat inverse folding benchmarks not as su-
pervised label-recovery tasks, but as diagnostic evaluations
that assess whether generated sequences are structurally
compatible with the specified geometry. This distinction is
crucial: conditioning on molecular surfaces introduces
richer physical constraints, not privileged access to na-
tive sequence identities.

We evaluate SurfDesign on standard inverse folding bench-
marks (Orengo et al., 1997) and achieve state-of-the-art
amino-acid recovery (AAR) and perplexity, validating its
ability to generate structurally consistent sequences. More
importantly, we show that SurfDesign excels in functional
protein design, achieving superior performance in de novo
binder generation across six benchmark targets and in en-
zyme design for multiple enzyme-substrate systems. These
findings indicate that expressive surface modeling enables
protein design with greater functional fidelity than backbone-

only approaches. Overall, this work advances protein design
by elevating molecular surfaces from auxiliary features to
first-class conditioning signals, demonstrating that explicitly
modeling molecular surfaces as geometric manifolds is a
powerful and complementary approach for moving beyond
backbone-centric design.

2. Method

2.1. Preliminary and Background

Problem Statement. Neural structure-conditioned pro-
tein design aims to find the amino acid sequence S = {s; €
Cat(20) : 1 < i < n} folding into a desired structure
X = {x; € R¥3 .1 < i < n}, where s; is one of
the 20 residue types and A" denotes the spatial coordinates
for 4 backbone atoms (i.e., Cy, C, N and O). It can be
formulated as an end-to-end graph-to-sequence learning
problem with a parameterized encoder-decoder neural net-
work Fy: X — S. Surface-conditioned design is analogous
but yields functional proteins that fold into the expected sur-
face Q with associated biochemical properties (Song et al.,
2024). Our objective, therefore, transfers to learn a function
Fo(:) : @ — S. Given sufficient surface-sequence paired
data, the learning purpose is to maximize the conditional
log-likelihood p(S|Q; ). This enables the design of se-
quences that either maximize likelihood or are generated via
sampling algorithms to ensure diversity and novelty (Zheng
et al., 2023). Remarkably, homologous proteins consis-
tently share similar surfaces (Pearson & Sierk, 2005), so the
surface-conditioned design is underdetermined.

Unlike supervised classification, protein design does not
assume a unique ground-truth sequence S for a given struc-
ture (Gao et al., 2022a). A single backbone or surface
geometry is compatible with many valid sequences, and
the experimentally observed sequence is neither unique nor
necessarily optimal. Accordingly, sequence recovery is used
only as a diagnostic proxy for structural compatibility rather
than a supervised learning target. Our objective is therefore
to learn physically and functionally consistent sequence
distributions conditioned on geometric constraints, not to
recover native labels.

Surface Generation Surface geometry is crucial for inter-
action analysis. We employ PyMol (DeLano et al., 2002) to
obtain the raw molecular surface, where a probe of a certain
radius (~ 1 A) is moved along the protein to calculate the
Solvent Accessibility Surface (SAS) and Solvent Excluded
Surface (SES). We treat the resulting surface vertices as
oriented surface points, defined by an oriented point cloud
Q ={q¢; : 1 <i<m}and m >> n. Each surface point g;
has a triplet of attributes (x;, n;, h;), where x; € R3 and
n; € R? are the 3D coordinates and unit normal vector, and
h; € R?» indicates the physicochemical properties of g;
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Figure 2. Tlustration of SurfDesign. Smooth-surface graphs are obtained using PyMOL or MSMS and subsequently denoised.

Then, an

equivariant surface encoder is appended to extract manifold representations. These features are further incorporated into the structural

adapter of protein language models to recover masked amino acids.

such as hydrophobicity, hbond, and charge. Then the surface
graph is built via k-NN, resulting in Gg = (Vg, Eg). We
also investigate MSMS (Robinson et al., 2014) and BioPy-
thon (Cock et al., 2009) for surface generation and identify
negligible differences in processing speeds across several
toolkits. As raw point clouds generally carry noise that may
limit the expressivity of molecular surfaces (Alexa et al.,
2001), we apply the Gaussian kernel smoothing (Song et al.,
2024) to raw cloud data:
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x; K(x,y)=exp™ 7

ey
where ;) denotes the neighborhood of x; and K(.,.) is
the Gaussian kernel with 7 indicating distance scale in the
point space. Here, 7 is set as max;e v, ie[m] ( |; — x;]|?).
For clarity, h; are computed from local atomic geometry
and element types, not from residue identity labels. We do
not use: (i) residue identities, (ii) multiple sequence align-
ments (MSA) or evolutionary profiles, or (iii) functional
annotations or active-site labels, during the surface gener-
ation pipeline. While we compute surfaces from full-atom
structures, these structures may be experimental, predicted,
or generated (e.g., RFdiffusion + packing). The atom types
specify geometric constraints but do not reveal the target
sequence, as multiple valid sequences can fold into similar
atomic arrangements.

2.2. Surface Geometric Network

A Manifold Perspective for Molecular Surfaces. Theo-
retically, molecular surfaces are continuous manifolds with
infinite resolution (Lee et al., 2023), which cannot be fully
expressed by existing mesh- (Gainza et al., 2020) or point-
based (Sverrisson et al., 2021; Zhang et al., 2023; Song
et al., 2024) mechanisms. The key distinguishing property

of manifold surfaces relative to conventional point clouds
or meshes is that every point on the manifold is locally
Euclidean. Mathematically, for Vg; € @, there exists a
neighborhood Uy, and a homeomorphism fhomo(-) such that
Jromo : Uy, — V' C R3, where V is an open ball in R3.
In order to describe the local geometry of a manifold point
¢; € @, we need to know at least (1) the linear approxi-
mation of the manifold in its vicinity, which corresponds
to the tangent space, and (2) how fast the surface bends or
deviates from being a plane near this point, which can be
measured by curvature.

Towards this goal, we assume that the surface @ is a C'**°
differentiable manifold and T, () denotes the tangent space
of any point ; € (). Then we can acquire the unit normal
vector n; € N, Q) perpendicular to T, Q). If @ is implicitly
described by a signed distance function (SDF) satisfying
fspr(-) = 0, then the normal at point x; is equivalent to
the gradient, i.e., n; = V fspr(x;). Here, we draw the
normal vector set {n}"; immediately from the software
(i.e., PyMol) and integrate this orientation knowledge into
the geometric encoder to linearly approximate the manifold
and achieve manifold-awareness. Prior studies (Zhang et al.,
2023; Song et al., 2024) have seldom considered this spe-
cialty of molecular surfaces and merely handle naive clouds.
One exception, dMaSIF (Strokach et al., 2020), notices
this manifold uniqueness and computes the quasi-geodesic
distance as d;; = [lz;;]|* - (2—n; -n;) to naively re-
semble the geodesic coordinates in the tangent space T, ().
However, its construction of tangent vectors destroys the
equivariance.

Additionally, there are varying ways to define curvatures of
3D Riemannian manifolds intrinsically without reference
to a larger space (Kobayashi & Nomizu, 1996), such as
normal curvature k,,, geodesic curvature kg, and geodesic
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torsion 7. Those all relate the direction of curvatures to
the unit normal vector n,;. Given a non-singular curve
~v(g;) € Q parametrized by arc length, we can compute
T, = v(q) = 2—3 and t; = n; x T; to form the Dar-
boux frame. The triple (T';, t;, ;) defines a positively ori-
ented orthonormal basis attached to each point of the curve

T/
+(g;). Then the above quantities are related by | ' | =
u/
0 kg ky T
-k, 0 T t | . Inspired by progress in geom-
-k, -7 O u

etry processing (Tian et al., 2023; Wu & Li, 2024b; Zhang
et al., 2008), we estimate these quantities in a closed form
from local points N(;). Specifically, we first compute a
covariance matrix for ¢; and its neighborhood NV;):

1 T T

x; €N

T eR¥>3. (2

where X is the centroid of this point cluster. After the eigen-
decomposition of 3 (e.g., singular value decomposition or
eigenvalue decomposition), eigenvalues can be obtained as
€1,€2, and €3 (e; > ea > €3). Those pseudo curvatures
vectors 1 = {1;}3_, can be therefore computed as:

€i

d]i = 3 )
> j=1€i
We employ % as a rotation-invariant local shape descriptor
that approximates curvature-related information, rather than
exact differential curvatures. It can be proved that this cur-
vature feature 1) is roto-translation invariant (see App. B).

n; gwn,u
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Figure 3.  Angles hid-
den in the oriented sur-
face point cloud, contain-

ie{1,2,3}. 3)

Directionality in Surface
Point Clouds. The manifold
characteristic of molecular
surfaces introduces additional
directional information when
considering pairwise or ternary
interactions among connected

particles. To be specific, for ~ ing two intersection an-
each neighboring point pair ~ 8I€8 ¥niis = Znixi
i, 7). two intersecting planes 00 ¥msdi = LTiji as
(Z’])’. Wo 1n gp . well as a dlhedral angle
(see Fig. 3) are formulated with On,in -

ivng

respective normals (n;,m;).

We denote the angles between normals and the connecting
directed line of two points (x;;, € ;) by ¢n,ij = £n,;;
and ¢n,ji Znjxj;. We denote the dihedral angle
between two half-phases as Hmijnj = Znyn; L x;;. In
addition to the common distance ||z;;||?, these three angles
provide a more comprehensive view of understanding the
relative position of (g;, ¢;) lying in the surface manifold @,
which will also be incorporated into our surface modeling.
For instance, for different values of (¢n,i;, ¥n,ji> Onsijn, )

a triplet of (7, 7,0) indicates a perfectly smooth region,
while a triplet of (, 7, n) implies a severely sharp and
steep curve.

Equivariant Surface Encoder. Finally, we draw in-
spiration from prevalent and modern equivariant algo-
rithms (Gasteiger et al., 2020b;a; Satorras et al., 2021;
Zhang et al., 2023) and propose a surface-based equivariant
message passing (SEMP) as the encoder of Fy(:). Our
SEMP architecture is roto-translation equivariant and lever-
ages both directional and curvature information. To be-
gin with, by setting an interaction cutoff c;,,, we calculate

the 3D spherical Fourier-Bessel bases (a(sré’;j ), a(stggi)) €

2 x RNcrx Nsgrx Nrsr for two angles ¢ € {cpiljij, @ﬁfﬂ} to

integrate orientation knowledge between each interactive
particles in the surface:

(5200l ) =

2 Zow
3 2 )]
CintJo+1 (Zov Cint

@
aSBF ovt

“

where o € [NCBF]» NS [NSBF]y and t € [NRBF] control
the degree, root, and order of the radial basis functions,
respectively. ||x;;|| denotes the Euclidean distance between
surface points ¢ and j. Besides, j,(-) is the o-th degree
spherical Bessel functions and z,,, is its corresponding v-th
root. Y!(+) is the real o-th degree and ¢-th order spherical
harmonics. Equ. 4 can be boiled down to a joint 2D basis
if the order ¢ is set to 0. By using Y,?(-), we obtain the 2D

representation aég‘;j m3) ¢ RNesr X Nsor haged on 91(1 )Z Jn,
Remarkably, those 2D/3D spherical Fourier-Bessel repre-

sentations aé’ééj ), a7 and a{Ri7™) enjoy the roto-

translation invariant property due to their exploitation of the
relative distance as well as the invariant angles. Then those
directional vectors, along with pointwise curvature, are fed
into SEMP to attain the initial messages m;; as:

(njijng)
SBF

) ) (5)
where f,,(-) is a multi-layer perceptron (MLP) appended
with an activation function like SiLU (Nwankpa et al., 2018).

elg];% is the radial basis function representation of the inter-

atomic distance ||x;;||?>. Then a softmax is employed to
reweight the messages:

(ﬂ]ﬂ)
QAspr

1 l l 3 n;i
mi; = f (B RO, 90, w0, e, alhi”,

exp(Wmm; + bm)
Zke.’\/’“) GXP(Wmmik + brn)

!
Myj = Qij - Mij,  Qij = ©)

where the weight matrix W, € R~ <! and vector b, € R
are learnable. After that, messages are propagated from the
vicinity of each point ¢; to update its node feature as well

l l
S PRGN

).

i)
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as coordinates:

h§l+1) :fh hl(l)7¢(l

LY ml )

JEN )
fo my)xl), (8

where f,(+) is another MLP and f,, : R?» — R transforms

m;; into a scalar score to control the impact of directional
0 O

gl-‘rl) l) + ”M )H

vector x;; . Notably, as the position of each point x;

moving as the layer | € [L] goes deeper with 3:5 ) =z,

it is optional but recommended to adjust and recalculate
the curvature 1, and relevant angles ((pnﬂj, ©n;jis On,;i jnj)
simultaneously. As angles (gpn”; s Pnyjis 9niijnj) depend
on each normal vector pair (n; and 1), we adopt the local
least fitting method (Mitra & Nguyen, 2003) to estimate and
renew {n; }7,. In specific, for ¢;’s updated coordinates ccl(l)
at the [-th layer, we compute the covariance »® according
to Equ. 2 and decompose it to obtain three sorted eigenvalues
as well as their corresponding eigenvectors (v1,vs,v3).
Then v3 with the least eigenvalue is selected as the normal
vector n()) at the [-th layer.

All geometric quantities used as inputs to the message func-
tion, including radial distances r;;, curvature descriptors ¥;,
and angular features (¢n,ij, ¢n, ji> n,ijn, ), are invariant
under global rigid transformations. Equivariance is pre-
served by propagating directional information exclusively
through relative displacement vectors x;; in the coordinate
update, ensuring SE(3)-equivariant behavior by construc-
tion.

2.3. Reprogramming Protein Language Models

PEFT for SurfDesign. Recent works have explored the
possibility of transforming PLMs (Rives et al., 2021; Lin
et al., 2022; Hu et al., 2022) into protein design mod-
els, and massive evidence demonstrates that the emergent
evolutionary knowledge hidden in those PLMs can vastly
facilitate the structure-conditioned protein design. Con-
cretely, LM-Design (Zheng et al., 2023), InstructPLM (Qiu
et al., 2024), KW-Design (Gao et al., 2023), and VFN-IF-
ESM (Mao et al., 2023) report improvements in CATH 4.2
of 10.8% (AAR 50.22% — 55.65%), 73.9% (perplexity
10.28 — 2.68), 14.4% (AAR 54.74% — 62.67%), and
17.6% (AAR 51.66% — 60.77%), respectively.

Motivated by this progress, we also use PLMs as the decoder
for Fy(-) and stack several parameter-efficient fine-tuning
(PEFT) techniques to fully exploit the potential of PLMs and
significantly reduce the memory footprint. Specifically, we
utilize a hybrid PEFT method combined with a structural
adapter (Zheng et al., 2023) and LoRA (Hu et al., 2021)
with a rank of » = 4 and a scaling constant of « = 8. It

is worth noting that there is still no consensus on which
type of PEFT strategy is most suitable for PLMs (Sledzieski
et al., 2024), and we have found our hybrid mechanism to be
more effective than a single strategy for surface-conditioned
protein design.

Training. We employ the conditional masked language
modeling (CMLM) (Zheng et al., 2023) to better accommo-
date PLMs that are tasked with MLM (Devlin et al., 2018)
as the training objective. Given the surface @, CMLM
decomposes the sequence into masked and observed ones
as S = Spmasked U Sobs and assumes a conditional indepen-
dence over identities of target residues s; € Smasked Then
it requires the model to predict a set of target amino acids
Smasked from the remaining observed residues Sops:

p(Smasked‘Sobm Q7 9) = Hsieslmskedp(si‘sobs, Q, 9) (9)

where Shasked 1S randomly masked. Moreover, Zheng et al.
(2023) presents a coarse-to-fine manner to reconstruct a
protein’s native sequence from its corrupted version. We
also explore this inference scheme with iterative refine-
ment (Savinov et al., 2021) but discover no benefit.

3. Experiments

SurfDesign unifies surface-conditioned inverse folding and
functional protein design within a single geometric frame-
work; inverse folding serves as a stress test of geometric
compatibility, while binding and catalysis assess functional
utility in the absence of ground-truth sequence data. Unless
otherwise specified, Average denotes a sample-weighted
average over the entire test set rather than a simple mean
over targets. More experimental details, dataset statistics,
and additional results are elaborated in App. C.

3.1. Protein Binder Design

Dataset and Setups. We focus on optimizing proteins
for high-affinity binding under functional and stability con-
straints and evaluate our method on the benchmark intro-
duced by Song et al. (2024), in which the task is to design
protein binders that strongly interact with given target re-
ceptors. The dataset comprises experimentally validated
positive binder-target pairs from six categories, curated
in Bennett et al. (2023). Following prior work, we use
AlphaFold?2 predicted aligned error (AF2 pAE_interaction)
as the evaluation metric, as it quantitatively reflects inter-
face confidence and effectively separates positive binders
from negative ones under a fixed binding geometry, with-
out conflating docking-search effects inherent to end-to-end
multimer prediction. A designed binder is considered suc-
cessful if its AF2 pAE _interaction is lower than that of the
corresponding native positive binder. As a control, we in-
clude randomly sampled non-binding sequences of the same
length as negative binders. All models, including ours, are
fine-tuned on the same binder design dataset derived from
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Table 1. AF2 pAE_interaction ({) for all models in the binder
design task. The AF2 pAE_interaction for randomly sampled
negative binders of the same length is also provided, along with
the positive ones.

Models InsulinR PDGFR  TGFb H3 IL7Ra TrkA Average

Positive Binder 59996 14.1366 15.4884 21.2631 20.9102 10.2791 14.7061
Negative Binder 19.7167  18.0937  23.2664 224556  26.0540  24.7567  21.1335

Random Baselines  19.9880  21.2690  21.4971 24.4997  24.1541 23.1147  22.2020

ProteinMPNN 183393 252919  25.8559  24.5968 255278  27.0980  23.4462
PiFold 12.9809  21.8230  24.4737 233924  26.6738 19.7172  20.5785
LM-DESIGN 13.6440  22.0749  23.3725  23.8332  24.3937  22.3987  20.7728
SurfPro 10.2608  17.9862 177364  21.2916  20.8594  10.6535 16.9485
SurfPro-Pretrain 112530 18.4141 154011 222704 205700  21.3515 17.6699
SurfDesign 8.9827 16.3462 17.4338 21.0642 20.8207 10.4288 15.8460

Table 2. Success rate (%, 1) of different models on the binder
design task. SurfDesign achieves the highest overall success rate.

Seen Class Zero-Shot

Model Average
InsulinR PDGFR TGFb  H3 IL7Ra TrkA
ProteinMPNN 3.22 5.71 20.71 18.68 24.10 7.50 11.96
PiFold 20.64 3.57 19.19 2921 2285 20.00 19.32
LM-DESIGN 7.74 15.00 1571 2229 2428 2500 1637
SurfPro 31.57 1999  11.61 2321 19.28 2500 22.29
SurfPro-Pretrain 5.48 27.14 3357 37.63 3857 25.00 2622
SurfDesign 34.87 2428 2946 3289 3428 2750 @ 30.14

CATH 4.2 pretraining to ensure a fair comparison.

Results. As shown in Tab. 1, SurfDesign achieves an av-
erage AF2 pAE_interaction of 15.85, the lowest among
all models. This represents a clear improvement over
the prior surface-conditioned method, SurfPro (16.95),
and significantly outperforms non-surface models such as
LM-DESIGN (20.77), PiFold (20.58), and ProteinMPNN
(23.45). SurfDesign consistently yields top performance
on five of six targets: PDGFR (16.35), TGFb (17.43), H3
(21.06), IL7Ra (20.82), and TrkA (10.43). Lower AF2
pAE _interaction directly reflects increased structural cer-
tainty at the designed interface, though it is not a direct
measure of binding affinity, indicating that SurfDesign pro-
duces binders whose surfaces more consistently support
stable receptor engagement. While the improvement over
SurfPro is moderate, it reflects the benefits of enhanced sur-
face modeling and improved geometric representation of
interaction sites. In contrast, negative and random binders
yield much higher AF2 pAE _interaction scores (21.13 and
22.20, respectively), further validating the discriminative
power of this metric. These findings support the hypothe-
sis that surface-informed representations can enhance the
design of functional proteins with superior binding fidelity.
SurfDesign thus represents a promising direction for high-
accuracy functional protein generation grounded in surface
geometry.

3.2. Enzyme Design

Enzyme design poses a stricter test than binder design, as
successful generation requires precise pocket geometry and
localized physicochemical patterns rather than global shape

complementarity.

Dataset and Setups. We evaluate SurfDesign on the en-
zyme design task, where the objective is to generate enzyme
sequences that bind specific small-molecule substrates. It
tests whether surface-conditioned generation can capture
fine-grained geometric and physicochemical patterns re-
quired for enzyme—substrate interactions. We adopt the
benchmark compiled by Kroll et al. (2023) comprising five
enzyme categories, each associated with a distinct substrate.
To prevent data leakage, we explicitly exclude all enzymes
that appear in the CATH 4.2 dataset. For enzyme categories
containing more than 100 samples, we perform clustering-
based splitting and randomly partition the data into training,
validation, and test sets using an 8:1:1 ratio. For categories
with fewer samples, all enzymes are used exclusively for
testing in a zero-shot setting.

To assess enzyme-substrate binding affinity, we adopt the
Enzyme-Substrate Potential (ESP) score proposed by Kroll
et al. (2023). The ESP model predicts enzyme-substrate in-
teractions with approximately 91% accuracy across multiple
benchmarks, with higher values indicating greater predicted
enzyme-substrate compatibility. We use the official imple-
mentation released by Kroll et al. (2023) to compute ESP
scores for all designed enzymes. Following the protocol
used in protein binder design, we report (i) the average ESP
score obtained via greedy decoding, and (ii) the average suc-
cess rate computed from sequences generated by sampling
with temperature 0.1. For each enzyme-substrate pair, the
success rate is defined as the fraction of generated sequences
whose ESP score is better than that of the corresponding
native enzyme.

Consistent with the binder design setup, we fine-tune all
baseline models on the enzyme design dataset, starting from
models pretrained on the inverse folding task. We addi-
tionally report results for a random baseline and SurfPro-
Pretrain under the same settings as the binder design. Impor-
tantly, the pretraining corpus for SurfPro-Pretrain explicitly
excludes all enzymes used in this evaluation to avoid any
potential data leakage.

Results. Quantitatively, SurfDesign improves over prior
surface and non-surface baselines on both metrics. For
ESP score (Tab. 3), SurfDesign achieves the best overall
average of 0.9058, compared to SurfPro (0.8931) and Pro-
teinMPNN (0.8676), and remains competitive with LM-
DESIGN (0.9037) despite LM-DESIGN benefiting from
large-scale PLM pretraining. For success rate (Tab. 4),
SurfDesign attains the highest overall success rate among
the compared methods at 47.30%, exceeding SurfPro
(42.23%) and SurfPro-Pretrain (43.63% ), and outperform-
ing PiFold (40.65%) and LM-DESIGN (37.58%). No-
tably, gains persist in the zero-shot setting (C00001), where
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Table 3. ESP score (1) of different models under greedy decoding
on the enzyme design task. Substrates are denoted by their KEGG
IDs.

Table 5. Sequence design performance and ablation studies on
CATH 4.2 held-out test split. The best performance is shown in
bold, while the best baseline is indicated with an underline. ESM-
IF is tested on CATH 4.2, although it was originally trained and

Model Seen Class Zero-Shot e rage evaluated on CATH 4.3.
C00002 C00677 C00019 C00003  CO0001
Trainable/Total Perplexity (1) Median AAR (1)

Real Enzyme 09573  0.8642  0.4497  0.8076 0.9892 0.9091 Models Params. Short  Single-chain  All | Short Singlechain  All

B StructGNN (Ingraham et al., 2019) 1.4M/ 1.4M 8.29 8.74 6.40 | 29.44 28.26 3591

Randgm Baseline 05523 0.2475  0.1673  0.4705 0.7891 0.5292 GraphTrans (]nLgre\lmm etal., 2019) 1.56M/1.56M | 8.39 8.83 663 | 28.14 28.46 35.82
ProteinMPNN 0.9711 0.7375  0.2614  0.6699 0.9763 0.8676 GCA (Tan et al., 2023) 2IM/2IM | 7.09 7.49 6.05 | 32.62 3110 37.64

. GVP (Jing et al., 2020) LOM/1OM | 7.23 7.84 536 | 30.60 28.95 3947
PiFold 09142 08816 04296  0.8212 0.9616 0.8865 AlphaDcsLign (Gao ct al., 2022b) 36M/36M | 732 7.63 630 | 34.16 3266 4131
LM-DESIGN 0.9498 0.8836 0.4585 0.8078 0.9650 0.9037 ProteinMPNN (Dauparas et al., 2022) 1.9M/1.9M 6.21 6.68 461 | 3635 3443 45.96
SurfPro 0.9264 0.8921 0.3892 0.7631 0.9772 0.8931 ESM-IF (Hsu et al., 2022) 142M / 142M 6.93 6.65 396 | 35.28 33.78 48.95

. : : ) o : e PiFold (Gao et al., 2022a) 6.6M/6.6M | 6.04 6.31 4.55 | 39.84 38.53 51.66
SurfPro-Pretrain ~ 0.9376  0.8631  0.3949  0.7668 0.9691 0.8900 LM-Design-MPNN (Zheng et al.. 2023) ~ 5.0M/659M | 7.01 6.58 441 3519 4000  s44l

- LM-Design-PiFold (Zheng et al., 2023)  11.9M/664M | 6.77 6.46 452 | 3788 4247 55.65
SurfDesign 0.9487 0.9012  0.4523  0.8189 0.9801 0.9058 DPLM (Wang et al., 2024) 5.0M / 659M - - - - - 54.54
InstructPLM (Qiu et al., 2024) 89.IM/6.6B | 3.22 317 268 | 6159 5920 5751
KW-Design (Gao et al., 2023) 6.4M / 798M 548 5.16 3.46 | 44.66 4545 60.77
. VENF (i/m etal., 2023) 54M/54M | 570 586 417 | 4134 40.98 5474
Table 4. Success rate (%’ T) of different models on the enzyme VEN-IF-ESM (Mao et al., 2023) 54M/15B | 4.92 422 3.36 | 50.00 52.13 62.67
. . SurfPro (Song et al., 2024) 5.8M/5.8M - - 33| - - 5778
design task. Substrates are denoted by their KEGG database IDs. PRISM (Mahbub et al., 2025) —/- 374 268 271 | 6089 4098 6043
. . . GRADE-IF (Yi et al., 2023) -/- 549 6.21 435 4527 4277 52.21
SurfDe51gn achieves the hlghest average success rate. DMRA (Wang et al., 2024) —/- 4.06 4.76 293 | 5357 48.95 64.07
MapDiff (Bai ct al., 2025) 147M/147M | 3.96 441 343 | 54.04 49.34 60.93
SurfDesign-backbone 53M/656M 3.8 311 316 | 6345 64.32 65.12

Model Seen Class Zero-Shot Average SurfDesign (w/o PLMs) 53M/53M 321 3.10 3.08 | 62.70 64.88 6535
SurfDesign (w/o SEMP) 48M/655M  3.08 293 276 | 65.43 67.06 66.27
€00002  C00677  C00019  CO0003  C00001 Surmeslzn 53M/656M 243 2.44 241 | 7374 7517 7413

ProteinMPNN 47.54 31.63 58.82 44.72 27.65 39.23

PiFold 48.54 41.72 58.29 37.54 24.97 40.65
LM-DESIGN 45.00 42.54 43.76 53.63 20.13 37.58
SurfPro 43.36 46.00 59.41 45.45 33.55 4223
SurfPro-Pretrain ~ 50.90 41.81 52.94 36.36 34.21 43.63
SurfDesign 52.73 45.45 60.18 51.82 34.36 47.30

SurfDesign achieves 34.36 % success, compared with Surf-
Pro’s 33.55%. These suggest that more expressive manifold-
aware surface representations can better capture localized
pocket geometry and physicochemical patterns critical for
enzyme-substrate interactions.

3.3. Inverse Folding as Compatibility Analysis

We include inverse folding results to assess whether surface-
conditioned generation preserves global fold compatibility,
rather than treating it as a primary design objective. Various
benchmarks are used to design fixed-backbone protein se-
quences, including single-chain monomers and multi-chain
protein complexes.

Baselines and Datasets. A wide variety of approaches are
established for comparison, most of which are open source.
Among them, StructGNN (Ingraham et al., 2019), Graph-
Trans (Ingraham et al., 2019), GVP (Jing et al., 2020), Pro-
teinMPNN (Dauparas et al., 2022), AlphaDesign (Gao et al.,
2022b), PiFold (Gao et al., 2022a), UnilF (Gao et al., 2024),
etc. are GNN-based algorithms, while DenseCPD (Qi
& Zhang, 2020) is CNN-based. DPLM (Wang et al.,
2024), InstructPLM (Qiu et al., 2024), LM-Design (Zheng
et al., 2023), KW-Design (Gao et al., 2023) and VFN-IF-
ESM (Mao et al., 2023) leverage and integrate PLMs’ knowl-
edge. GRADE-IF (Yi et al., 2023) and DMRA (Wang et al.,
2024) rely on diffusion. SurfPro (Song et al., 2024) is a
surface-conditioned framework. Using the same splitting
strategy as the compared systems (Jing et al., 2020; Dau-
paras et al., 2022; Gao et al., 2022a), proteins in CATH 4.2

were partitioned into 18,024/608/1,120 samples for training,
validation, and testing, respectively. To compare with ESM-
IF (Hsu et al., 2022), structures in CATH 4.3 were split into
16,153/1,457/1,797 samples for training, validation, and
testing, respectively. To provide a head-to-head comparison
with ESM-IF, no additional data, such as AF2DB (Varadi
et al., 2022), was used to train SurfDesign. To evaluate gen-
erative quality thoroughly, we report perplexity and the me-
dian AAR rate in the short-chain, single-chain, and all-chain
settings, as usual. The multi-chain protein design employs
the dataset curated by Dauparas et al. (2022), which was pre-
processed by clustering sequences at 30% sequence identity,
yielding 25,361 clusters. Following ProteinMPNN'’s setup,
the clusters were randomly divided into 23,358/1,464/1,539
samples for training, validation, and testing, respectively.
This strategy ensures that none of the target chain’s chains
or biounits were present in the other two sets.

Single-chain Protein Design. Tab. 5 and 9 document
the results on the CATH (Orengo et al., 1997) benchmark,
where SurfDesign consistently achieves state-of-the-art per-
formance in distinct settings. Under a controlled CATH-only
training setting, SurfDesign is the first surface-conditioned
model to exceed 70% AAR on CATH 4.2 and CATH 4.3,
demonstrating its superior ability to restore effective pro-
tein sequences. On the full CATH 4.2, SurfDesign achieves
a perplexity of 2.41 and an AAR of 74.13%, outperform-
ing the previous state-of-the-art VFN-IF-ESM (Mao et al.,
2023) by 28.27% and 18.28%, respectively. It also induces
AAR improvements of 19.72% and 26.78% on the short and
single-chain subsets, respectively. Furthermore, SurfDesign
surpasses SurfPro, another surface-conditioned algorithm,
by 23.00% and 28.29% in the overall metrics, respectively.
The outstanding phenomenon also exists for the CATH 4.3
benchmark, where SurfDesign outperforms the strongest
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Table 6. Structure recovery based on the self-consistent proto-
col (Yim et al., 2023). 1: results are quoted from Mao et al. (2023).

Metrics | PiFold! LM-Design® VFN-IF-ESM* | SurfDesign
scTM > 0.5 90.98%  89.42% 9329 % 96.17%
scCRMSD < 2.0 | 60.35%  58.41% 64.16% 72.83%

competitor, KW-Design (Gao et al., 2023), by 10.60% in
perplexity and 19.49% in AAR. To summarize, SurfDe-
sign enhances surface-conditioned sequence generation with
greater efficiency, thanks to the significant advancements
and open-source contributions from the entire community,
building on the foundation laid by previous pioneers. To
address data leakage concerns and demonstrate that SurfDe-
sign’s (70% recovery results more from manifold-aware
geometric reasoning than from privileged sequence informa-
tion, our backbone-only variant achieves 65.12% AAR and
still outperforms backbone-only baselines, while testing on
noisy ESMFold-predicted structures maintains 68.5% AAR,
demonstrating robustness independent of native side-chain
accuracy.

Multi-chain Protein Complex Design. A protein func-
tions only when it docks, associates, and interacts with
other macromolecules, forming multi-chain protein com-
plexes. Thus, studying protein sequence design for multi-
chain assembled structures is crucial, motivating us to assess
whether SurfDesign can design a protein complex. From
Appendix Tab. 10, we conclude that the AAR is generally
higher for longer proteins, and all models achieve higher
AAR rates on PDB than CATH datasets. More importantly,
SurfDesign achieves the best performance, with an AAR
exceeding 80%. This phenomenon indicates that SurfDe-
sign can design both single-chain proteins and multi-chain
complexes. This makes SurfDesign more versatile in the cat-
egories and scenarios in which it can be deployed, creating
opportunities to use it to design specific protein complexes.

Zero-shot Generalization to New Protein Families.
TS50 and TS500 are commonly used independent test sets
to assess model generalization on unseen proteins, as intro-
duced by Li et al. (2014). Towards this goal, we evaluate
SurfDesign trained on CATH 4.2 and 4.3, respectively, and
report the results in Tab. 11. We find that SurfDesign outper-
forms prior studies by a large margin across all benchmarks.
Specifically, it achieves a perplexity of 2.05 and an AAR
rate of 82.16 on TS50, outperforming the previous state-of-
the-art algorithm, VEN-IF-ESM, by 18.65% and 12.08%,
respectively. Meanwhile, on the TS500 dataset, SurfDe-
sign obtains a perplexity of 1.98 and an AAR rate of 84.70.
These numbers are better than VEN-IF-ESM by 22.04% and
16.80%, respectively. In addition, for those trained in CATH
4.3, SurfDesign consistently achieves the best. In a nutshell,
SurfDesign is the first to transcend 82% and 84% AAR on
the TS50 and TS500.

3.4. Discussion and Analysis

By elevating molecular surfaces to first-class conditioning
signals, SurfDesign shifts protein design from a fold-centric
to an interaction-centric paradigm. This perspective aligns
naturally with emerging pipelines that generate or refine
structures prior to sequence design, and suggests a modular
future in which surface geometry, sequence priors, and func-
tional objectives can be composed rather than entangled.

Ablation Studies. We systematically investigate the con-
tributions of SurfDesign’s components, shown in Tab. 5. It
can be observed that the knowledge of PLMs provides a
large improvement of 13.43% in AAR (65.35% — 74.13%)
and a decrease of 24.29% in perplexity (3.21 — 2.43).
Moreover, the incorporation of directionality and curvatures
also contributes to the superiority of SurfDesign, with im-
provements of 11.86% in AAR and 12.68% in perplexity.

Surface Recov-  Table 7. Evaluation on the surface

ery. The ultimate recovery on CATH 4.2.

goal of our surface- Models |IoU(M) €D NC(M)

conditioned design is LM-Design 090 5972 04236

to generate proteins VEN-IF-ESM 0.92 4.688  0.4859
SurfDesign 098 2873  0.6241

with higher surface
similarity of key regions, such as the binding or interaction
site (Lai et al., 2024). To measure the similarity between
two 3D molecular shapes, we use three evaluation met-
rics (Sun et al., 2024) commonly used in 3D modeling
from three aspects: volume, distance, and normal vectors.
They are Volumetric Intersection over Union (IoU),
Chamfer distance (CD), and Normal Consistency (NC)
(computational details are in App. C.4). As shown in Tab. 7,
SurfDesign reconstructs molecular surfaces well, aligning
with the motivation for our surface-conditioned design.
Visualization of the generated and ground-truth surfaces is
provided in App. D.4.

Structure Recovery. We compare SurfDesign with strong
baselines in terms of protein structure recovery on CATH
4.2, reported in Tab. 6. Following standard evaluation pro-
cedures (Yim et al., 2023; Mao et al., 2023), ESMFold was
used to predict structures of designed sequences. A case
study of visualization comparison using Alphafold-3 is dis-
played in App. D.3. Two self-consistent metrics, scTM ()
and scRMSD (|) are leveraged to assess the similarity be-
tween desired and designed protein structures. SurfDesign is
more likely to generate protein sequences with the expected
structures. More analysis of refoldability is elaborated in
App.D.2.

Scalability of PLMs. The scaling law w.r.t model sizes
of PLMs has recently been studied (Zheng et al., 2023;
Qiu et al., 2024). To understand the influence of PLM
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Figure 4. Performance of different PLM scales.

model size on SurfDesign’s capacity, we increase the ESM-
2 parameter count from 8M to 3B. A similar phenomenon
has been discovered in Fig. 4, where the performance of
SurfDesign improves as PLMs scale. When integrating
knowledge from the largest PLM (3B), SurfDesign achieves
a recovery rate of 76.01% on CATH 4.2. This coincidence
highlights the significant potential of integrating surface-
conditioned design with state-of-the-art PLMs (Kaplan et al.,
2020).

Structural Con- 10 Vethod .
I SurfDesign I

texts. We dissect

the action mecha- 0g SS9 tMrDeson
nism of SurfDesign T
according to dif-

ferent  structural
contexts in Fig. 5.
Structure-based

LM-Design shows -
high AAR on o0 B

Recovery Rate
o o
S (o))

o
N}

Surface Loop Core
Stl‘ucturally con- Structural Contexts
strained residues Figure 5. Sequence recovery w.r.t. struc-

tural contexts regarding SASA and in-
teraction interface, on CATH 4.2 single-
chain proteins.

in the folding core,
while low AAR
in structurally less
constrained residues on surface areas and loops. SurfDe-
sign significantly enhances the recovery of structurally
constrained and less-constrained residues, particularly those
on the surface regions.

4. Related Work

Structure-based Protein Design. Advances in Al-driven
structure prediction, notably AlphaFold (Jumper et al.,
2021), have reinvigorated the complementary task of in-
verse folding. Early inverse folding methods formulated
the problem as per-residue classification using multi-layer
perceptrons (MLPs) with handcrafted structural features.
SPIN (Li & Koehl, 2014) combined torsion angles, sequence
profiles, and energy descriptors to achieve 30% AAR on
TS50, while SPIN2 (O’Connell et al., 2018) incorporated
backbone angles, contact numbers, and inter-residue dis-

tances, improving AAR to 34%. Wang et al. (2018) lever-
aged backbone dihedrals, solvent-accessible surface area,
secondary-structure annotations, and unit direction vectors,
attaining 33% AAR. Subsequent work replaced MLPs with
convolutional architectures to better capture spatial context.
SPROF (Chen et al., 2019) applied 2D CNNs to Ca—Ca
distance maps, achieving 40.25% AAR on TS500. In three
dimensions, ProDCoNN (Zhang et al., 2022a) employed a
multi-scale 3D CNN to reach 42.2%, while DenseCPD (Qi
& Zhang, 2020) further improved performance to 55.53%.

Recognizing proteins as inherently graph-structured ob-
jects, recent methods adopt GNNSs to better respect geo-
metric constraints. GraphTrans (Ingraham et al., 2019)
introduced a graph-attention encoder with an autoregres-
sive decoder, while GVP (Jing et al., 2020) incorporated
geometric vector perceptrons to jointly process scalar and
vector features. Building on this foundation, GCA (Tan
etal., 2023) integrates global attention across residue graphs;
AlphaDesign (Gao et al., 2022b) proposes a streamlined
GVP-based encoder with a constraint-aware decoder; Pro-
teinMPNN (Dauparas et al., 2022) combines autoregressive
decoding with iterative message passing; and PiFold (Gao
et al., 2022a) introduces virtual atoms and explicit backbone
dihedral modeling. VFN (Mao et al., 2023) employs learn-
able vector operations over frame-anchored virtual atoms,
pushing AAR to 62.67%.

Despite steady improvements, limited structural data con-
strain sequence diversity. To mitigate this, ESM-IF (Hsu
et al., 2022) leverages large-scale AlphaFold2 predictions
to pretrain a GVP-based model. LM-Design (Zheng et al.,
2023) fine-tunes ESM-2 conditioning on pretrained struc-
tural embeddings, and InstructPLM (Qiu et al., 2024) incor-
porates explicit structure prompts via cross-modal alignment
in ProGen2 (Nijkamp et al., 2023). KW-Design (Gao et al.,
2023) enhances low-confidence residues using knowledge
from ESM and GearNet (Zhang et al., 2022b), while recent
work (Wang et al., 2024) shows that self-supervised discrete
diffusion models can serve as general protein learners for
structure-conditioned sequence generation.

5. Conclusion

In this work, we presented SurfDesign, a surface-
conditioned protein design framework that elevates molecu-
lar surfaces from auxiliary inputs to first-class conditioning
signals for generative protein modeling.
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A. More Related Work

Protein Surface Modeling. The characteristics of the molecular surface dictate the types and strengths of interactions a
protein can have with other molecules (Wu & Li, 2024a; Wu, 2024; 2026; 2025; Wu et al., 2022a; 2026¢; 2023c; 2022b; Wu
& Li, 2023; Wu et al., 2023b;a;d; 2026b; 2025a; Wu & Li, 2026). It is defined by van der Waals (vdW) radii (Connolly, 1983)
and is commonly represented as meshes derived from signed distance functions. MaSIF (Gainza et al., 2020) pioneered
the use of mesh-based geometric DL to abstract the internal parts of the protein fold and explore protein interactions. A
subsequent study (Sverrisson et al., 2021) reduced pre-computation costs by modeling molecular surfaces as point clouds,
assigning atom categories to each point. Other seminal works have linked protein surfaces with structural information
in a multimodal manner (Somnath et al., 2021), incorporating comprehensive pretraining strategies (Wu & Li, 2024b)
using implicit neural representations (INRs) (Park et al., 2019) for self-supervised learning (Lee et al., 2023) and dynamic
structure modeling (Sun et al., 2024). Despite these efforts, surface-conditioned design remains underexplored. Recent
advancements, such as the work by Gainza et al. (2023) on expanding MaSIF for de novo binder design and SurfPro (Song
et al., 2024), which eliminates the need for handcrafted feature calculations, have begun to address this gap by directly
generating functional proteins from surface data.

Parameter-efficient Fine-tuning. Training and storing full copies of large PLMs(Lin et al., 2022; Rao et al., 2019;
Elnaggar et al., 2020; Wu et al., 2025b) for various downstream tasks is increasingly impractical. PEFT techniques (Sledzieski
et al., 2024), such as LoRA (Hu et al., 2021) and prompt tuning (Lester et al., 2021), achieve competitive or superior
performance compared to full fine-tuning, significantly reducing memory for tasks like interaction prediction and homo-
oligomer symmetry prediction. Recent work integrates structural information into PLMs via PEFT. LM-Design (Zheng
et al., 2023) introduces a lightweight adapter to realize structural awareness, referred to as structural surgery on PLMs.
SES-Adapter (Tan et al., 2024) integrates structural data by converting it into sequential vectors using tools such as
FoldSeek (Van Kempen et al., 2024) and DSSP (Kabsch & Sander, 1983), thereby enabling cross-modal attention calculations.
It outperforms structure-aware PLMs such as SaProt (Su et al., 2023) on standard datasets, including thermostability, metal-
ion binding, gene ontology annotations, and subcellular localization prediction.

B. Mathematical Analysis

Here we demonstrate that the curvature feature 1) is roto-translation invariant. Firstly, suppose we translate the entire
neighborhood N;) by a vector t € R3, so each point x; € Ny is transformed to x; = x; + t. - When computing the
covariance matrix X, the centroid X is subtracted from each point in N () The centroid after translation becomes X' = X+ t,
so the translated covariance matrix becomes:

1
7= > 00+ X o
H'/\/’(Z)H ijN(i)
Expanding this, we get:
1
Y — m Z XijT —|—ttT + 2t - Z x;r/ H./\/'@)H _ (i—Ft)(i—Ft)T, an
() x;€EN) x; €N

This simplifies back to the original X since t terms cancel out in the computation of 3 after translating by t. Therefore, the
covariance matrix X is invariant under translations.

Suppose we apply a rotation R € SO(3) to all points in A/(;), where R is an orthogonal matrix with determinant 1. Then
each point x; € Ny is transformed to x/; = Rx;. The centroid X also transforms under the rotation, so the new centroid is
X' = RX. The covariance matrix X after rotation becomes:

1

) — Rx; (Rx;) —x%". (12)
Wl 2 T
Expanding the terms, we obtain:
s or( 1 Y xx/ —-xx' |RT =RIR". (13)
Mol 2,
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Since a rotation is a similarity transformation, the eigenvalues of 3’ are the same as those of 3. Therefore, the eigenvalues
€1, €2, and €3, which are used to compute 1, remain unchanged under rotations.

C. Experimental Details
C.1. Training and metrics

The models were trained for 50 epochs by default, using the Adam optimizer on 4 A100 GPUs. We used the same training
settings as ProteinMPNN (Dauparas et al., 2022) and LM-Design (Zheng et al., 2023), with a batch size of approximately
6000 residues and the Adam optimizer configured with a NOAM learning rate scheduler. Following previous works, perplexity
and median AAR scores are reported. In Tab. 5 and 9, two subsets of the entire test set are also reported. Particularly, the
SHORT set contains proteins up to length 100, and the SINGLE CHAIN set contains proteins recorded as a single chain in
PDB (Berman et al., 2002).

Protein Binder Design. We evaluate SurfDesign on a curated benchmark of experimentally validated protein-protein
binding complexes spanning multiple target categories. For target categories with sufficient data, complexes are split into
training, validation, and test sets using an 8:1:1 ratio; categories with limited data are evaluated in a zero-shot setting and
used only for testing. All models are fine-tuned on the same training split to ensure fair comparison.

Given a target protein structure, SurfDesign generates binder sequences conditioned on the target surface geometry. We
report two complementary evaluation settings. (i) Greedy decoding, where a single binder sequence is generated per target
and evaluated directly. (ii) Stochastic sampling, where we sample K = 10 binder sequences per target using a softmax
temperature of 0.1.

Functional binding quality is assessed using the AlphaFold2-predicted aligned error between the binder and target chains
(PAEinteraction), Which has been shown to correlate with binding likelihood. Lower pAEjeraction indicates stronger predicted
binding. For each designed binder, we first predict its monomer structure using ESMFold, superimpose it onto the binder
chain position of the native complex, and then compute pAEieraction Using AlphaFold2. A designed binder is considered
successful if its pAEinteraction 15 lower than that of the corresponding native positive binder. We additionally report randomly
sampled sequences of matched length as a negative control.

Enzyme Design. We evaluate enzyme design using a benchmark comprising multiple enzyme classes, each paired with a
specific substrate. To avoid potential data leakage from inverse folding pretraining corpora, all enzymes that overlap with
the pretraining datasets are removed prior to data splitting and evaluation.

For enzyme classes with more than 100 samples, we perform clustering-based splitting followed by an 8:1:1
train/validation/test partition. Smaller enzyme classes are evaluated exclusively in a zero-shot setting. All methods
are fine-tuned on the same training split when available.

Enzyme functionality is evaluated using the Enzyme—Substrate Potential (ESP) score, which quantifies the compatibility
between a designed enzyme structure and its substrate; lower ESP indicates more favorable interactions. As in binder design,
we report results for both greedy decoding and stochastic sampling (K = 10, temperature=0.1). A generated enzyme
sequence is considered successful if its ESP score improves upon that of the native enzyme for the same substrate.

C.2. Implementation for Surface Generation

PyMol is used to generate surfaces in our implementation. We have tried the fast sampling algorithm introduced by
dMaSIF (Sverrisson et al., 2021) and used by later studies (Wu & Li, 2024b), which approximates the protein surface as
the level set of a smooth distance function. However, this sampling mechanism exhibits unacceptable randomness and is
therefore abandoned in favor of SurfDesign. As for the biochemical feature computation, we follow MaSIF (Gainza et al.,
2020) and calculate three key invariant point inputs, including the Poisson Boltzmann electrostatics using APBS !, the
hydrophobicity 2, and the free electrons/protons . After a further ablation study, we discover that the hydrophobicity and

'nttps://github.com/LPDI-EPFL/masif/blob/master/source/triangulation/computeAPBS.py

https://github.com/LPDI-EPFL/masif/blob/master/source/triangulation/
computeHydrophobicity.py

*https://github.com/LPDI-EPFL/masif/blob/master/source/triangulation/
compuSurfDesignteCharges.py
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the charge are pivot to the performance improvement while the electrostatics is not necessary.

For Fig. 5, we employ RSA to determine the surface and core. To be specific, residues with an RSA greater than 0.25
are considered on the surface, while residues with an RSA less than 0.1 are regarded as core residues. We use the DSSP
algorithm to decide the loop regions.

C.3. Dataset Information

Tab. 8 documents the vertex count statistics for the CATH datasets. We observe an equal distribution of vertices across
different splits. Besides, comparing our surface with SurfPro (Song et al., 2024), it can be found that our surface is more
sparse, with nearly half of the average number of vertices per residue. This difference is due to the different computational
techniques employed by various software for surface generation (e.g., PYMOL and MSMS).

Table 8. Vertex counts statistics for surfaces from the CATH 4.2 and CATH 4.3 datasets.

Vertex Count CATH 4.2 - CATH 4.3
Train  Validation Test Train  Validation Test
Average Vertex Count Per Residue | 53.47 53.56 53.31 53.36 55.27 53.11
Maximum Vertex Count 27,817 25,614 25,433 | 27,110 27,817 25,968
Minimum Vertex Count 1,923 2,315 2,022 1,923 2,011 2,000
Preprocess Time Per Protein 0.38s 0.36s

C.4. Surface Comparison
C.4.1. EVALUATION METRICS

Motivated by DSR (Sun et al., 2024), we employ IoU, CD, and NC to assess the similarity between the molecular surfaces
of designed proteins and target proteins. For simplicity, these three metrics are normalized to the range 0 — 1. They provide
a comprehensive evaluation of the model’s performance from different perspectives and are defined as follows.

IoU. IoU compares the reconstructed volume with the ground truth shape (higher is better). For two arbitrary shapes

A, B CS € R" is attained by IoU = Iﬁgg}.

CD. CD is a standard metric to evaluate the distance between two point sets X;, Xs C R™ (lower is better) as
de (X, Xs) =
( dg (X1, A2) + de (Ao, X1)), where dg (X1, A2) = ﬁ Y e ex, Wil ex, |21 — 2|,

NC. NC evaluates estimated surface normals (higher is better). Normal consistency between two normalized unit
vectors n; and n; is defined as the dot product between the two vectors. For evaluating the surface normals, given the
object surface points and normal vectors: Xpea = { (25, ﬁ:)}, and the ground truth surface points and normal vectors:
Xgt = {(yj, 7713 ) } the surface normal consistency between Xpeq and X, denoted as I', is defined as: ' (X g¢, Xpred ) =

, where 0 (yj,Xpred = {(y, n_Z)}) = arg min Hyj — wZHz
iElXpredl

1 — o
Ror] 225610l |9 Ty, Xpea)

D. Additional Results and Visualization

D.1. More Results of Non-functional Inverse Design

While the primary goal of SurfDesign is functional protein design—including protein-protein binding and enzyme-substrate
interactions —we also report extended inverse folding results as a diagnostic analysis of structural compatibility. Importantly,
these experiments are not intended to evaluate functional optimality, nor do they assume a unique ground-truth sequence for
a given structure.

Purpose and interpretation. Inverse folding benchmarks assess whether a model can generate amino-acid sequences that
are globally consistent with a specified backbone or molecular surface geometry. As discussed in the main text, a single

protein structure or surface can accommodate many valid sequences, and the experimentally observed sequence is neither
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unique nor necessarily optimal. Accordingly, metrics such as AAR and perplexity should be interpreted as proxies for
geometric and structural consistency, rather than as supervised label-recovery objectives.

Extended results. Tab. 9, 10 and 11 report additional inverse folding results on CATH 4.3, PDB, and TS50/TS500
benchmarks under settings consistent with prior work. Across all benchmarks, SurfDesign maintains strong performance
relative to both backbone-only and prior surface-conditioned baselines, achieving consistently low perplexity and high
median AAR. These results indicate that incorporating manifold-aware surface representations does not compromise global
fold compatibility, and in fact improves geometric conditioning compared to backbone-only models.

No functional supervision or privileged information. We emphasize that no residue identities, evolutionary information
(e.g., MSAs), functional annotations, or active-site labels are used as inputs during surface generation or model training.
Surface features are computed solely from atomic geometry and physicochemical attributes derived from structure. Further-
more, inverse-folding datasets are disjoint from the functional design benchmarks used for binder and enzyme evaluation,
thereby preventing cross-task leakage.

Relation to functional design. The strong inverse folding performance of SurfDesign should be viewed as evidence that
surface-conditioned generation preserves global structural validity, rather than as the model’s primary objective. In functional
design settings—where no unique target sequence exists—success is instead measured by downstream functional proxies
(e.g., AF2 pAEiyeraciion and ESP score). Together, these results suggest that SurfDesign achieves a favorable balance: it
maintains structural compatibility while enabling more precise control over surface geometry, which is critical for functional
protein design.

Overall, the extended inverse folding results support the central claim of this work: explicitly modeling molecular surfaces
as continuous geometric manifolds provides a strong and reliable conditioning signal that generalizes beyond functional
tasks, without introducing shortcut learning or label memorization.

Table 9. Sequence design on CATH 4.3. : SINGLE-CHAIN in Hsu et al. (2022) is defined differently.

Perplexity (|) AAR (1)

Models Short Single-chain ~ All | Short Single-chain  All
GVP (Hsu et al., 2022) 7.68 16.12 6.17 | 32.60 39.40 39.20
ProteinMPNN (Dauparas et al., 2022) 6.31 6.32 4.85 | 40.30 39.02 48.25
ESM-IF (Hsu et al., 2022) 8.18 16.33 6.44 | 31.30 38.50 38.30

+ 1.2M AF2 Data 6.05 4.00 4.01 38.10 51.50 51.60
PiFold (Gao et al., 2022a) 5.88 5.55 4.47 | 42.86 43.69 50.68
VEN-IF (Mao et al., 2023) - - - 45.34 53.70 52.18
UnilF (Gao et al., 2024) - - - 45.41 54.46 53.05
LM-Design-MPNN (Zheng et al., 2023) | 5.88 5.66 4.19 | 45.71 46.15 56.38
LM-Design-PiFold (Zheng et al., 2023) 5.66 5.52 4.01 | 46.84 48.63 56.63
KW-Design (Gao et al., 2023) 547 5.23 3.49 | 43.86 45.95 60.38
MapDiff (Bai et al., 2025) — - - 55.56 54.99 60.68
SurfDesign 5.08 4.97 3.12 | 66.74 71.30 72.14

Table 10. Performance on multi-chain protein complex dataset (i.e., PDB).

Models AAR (1)
length L <100 100 <L <500 500<L <1000 Full
StructGNN (Ingraham et al., 2019) 041 0.41 0.42 0.41
GraphTrans (Ingraham et al., 2019) 0.40 0.39 0.40 0.40
GCA (Tan et al., 2023) 0.41 0.41 0.42 0.41
GVP (Jing et al., 2020) 0.44 0.42 0.45 0.43
AlphaDesign (Gao et al., 2022b) 0.48 0.49 0.50 0.49
ProteinMPNN (Dauparas et al., 2022) 0.52 0.53 0.55 0.53
PiFold (Gao et al., 2022a) 0.54 0.58 0.60 0.58
LM-Design-MPNN (Zheng et al., 2023) - - - 0.61
LM-Design-GVP (Zheng et al., 2023) - - - 0.62
KWDesign (Gao et al., 2023) 0.59 0.66 0.67 0.66
SurfDesign ‘ 0.74 0.79 0.82 0.81
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Table 11. Performance comparison on TS50 and TS500. Following prior work, we primarily report results from models trained on CATH
4.2. Numbers in the brackets are results from models trained on CATH 4.3.

Models TS50 TS500

Perplexity ({) AAR (1) Worst (1) Perplexity ({) AAR (1) Worst (1)
DenseCPD (Qi & Zhang, 2020) - 50.71 - - 55.53 -
StructGNN (Ingraham et al., 2019) 5.40 43.89 26.92 4.98 45.69 0.05
GraphTrans (Ingraham et al., 2019) 5.60 42.20 29.22 5.16 44.66 0.03
GVP (Jing et al., 2020) 4.71 44.14 33.73 4.20 49.14 0.09
GCA (Tan et al., 2023) 5.09 47.02 28.87 4.72 47.74 0.03
AlphaDesign (Gao et al., 2022b) 5.25 48.36 32.31 4.93 49.23 0.03
KW-Design (Gao et al., 2023) 3.10 62.79 39.31 2.86 69.19 0.02
VEN-IF (Mao et al., 2023) 3.58 59.54 - 3.19 63.65 -
VFEN-IF-ESM (Mao et al., 2023) 2.52 73.30 - 2.54 72.49 -
InstructPLM (Qiu et al., 2024) 2.29 67.99 - 2.42 64.22 -
PRISM (Mahbub et al., 2025) 2.43 67.92 - 2.43 67.92 -
ProteinMPNN-DPO (Xu et al., 2025) 4.85 4591 - 4.26 48.23 -
InstructPLM-DPO (Xu et al., 2025) 2.52 62.01 - 2.17 66.37 -
ProteinMPNN (Dauparas et al., 2022) 3.93 (3.62) 54.43 (54.22) 37.24 (41.18) 3.53(3.27) 58.08 (57.23) 0.03 (0.04)
PiFold (Gao et al., 2022a) 3.86 (3.70) 58.72 (59.68) 37.93 (38.14) 3.44 (3.70) 60.42 (59.95)  0.03 (0.05)
LM-Design-MPNN (Zheng et al., 2023) 3.82 (3.60) 56.92 (58.13) 35.17 (39.14) 2.13 (2.15) 64.30 (63.76) 0.04 (0.04)
LM-Design-PiFold (Zheng et al., 2023) 3.50 (3.27) 57.89 (61.38)  39.74 (46.75) 3.19 (3.09) 67.78 (66.56)  0.02 (0.04)

SurfDesign ‘ 2.05(2.03) 82.16(83.44) 41.30(47.81) ‘ 1.98(1.96) 84.70(85.12) 0.10(0.08)

D.2. Refoldability Analysis

Following Wang et al. (2023), firstly, to assess whether the generated sequences can respect the structure condition, we
evaluate the agreement of the ground truth structure with the predicted structures using the TM-score (Zhang & Skolnick,
2004). We refer to this metric as Ref-TM. Furthermore, to evaluate the folding stability of the generated sequences, we
compute the mean per-residue confidence estimate, pLDDT, predicted by the structure prediction models, which we refer to
as Ref-pLDDT. As pLDDT is a reliable predictor of disorder (Tunyasuvunakool et al., 2021), AlphaFold-2, OmegaFold (Wu
et al., 2022c), and ESMFold (Lin et al., 2022) are leveraged as a structure prediction model, which helps minimize deviations
due to the choice of model.

We evaluate SurfDesign on the same 82 test samples as in the CATH dataset, and the results are reported in Tab. 12.
We observe that SurfDesign stands out as the leading design method across the refoldability metrics, competitive with
ProteinMPNN. It achieves 0.89 Ref-TM and 89.42 Ref-pLDDT with AlphaFold-2 prediction. ProteinMPNN is slightly
behind with a 0.87 Ref-TM and 87.89 Ref-pLDDT, followed by LM-Design.

Table 12. Refoldability metric and AAR metric on the CATH dataset. We employ bold and underline to highlight the best and suboptimal
results on each metric. We use TM and pLDDT to represent Ref-TM and Ref-pLDDT.

. ESMFold OmegaFold AlphaFold-2
Design method | 1 b | T™ pLDDT | ™™ pLDDT | AAR%
Wildtype | 0.80 7491 | 075 7839 | 090 89.87 | 100
Uniform 005 2768 |0.05 3153 | 0.06 33.68 5.00
Natural frequencies | 0.07  30.53 | 0.07 35.59 | 0.06 35.02 5.84
AF-Design 053  61.37 053 7204 | 052 7529 15.95
ESM-Design 0.38  59.65 038 6266 | 0.37 60.02 17.33
StructTrans 0.72  68.85 0.64  70.35 0.79  80.66 35.89
GVP 0.73  69.67 0.67  74.33 0.83 84.29 39.46
ProteinMPNN 0.80  76.53 0.76  80.75 | 0.87 87.89 41.44
PiFold 0.71 67.55 0.64 70.21 0.82  82.54 44.86
LM-Design 0.73 7212 | 070 7758 | 0.85 87.26 51.23
SurfDesign 081 7935 | 0.76 80.11 0.89 89.42 70.19

In addition to the AAR rate, we have incorporated Foldable Diversity and sc-TM, as recommended by Ektefaie et al. (2024),
to further assess the diversity and self-consistency of the generated sequences. Foldable Diversity evaluates only those
sequence pairs that are structurally consistent with the input protein backbone, providing a more targeted diversity metric
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that avoids penalizing high-quality, diverse designs. Self-consistency TM score (sc-TM), following Trippe et al. (2022),
gauges the consistency of structural predictions for generated sequences, leveraging a fixed threshold of 7'M i, = 0.7 as
implemented by Ektefaie et al. (2024). We refer to https://github.com/flagshippioneering/pi-rldif
for computation, and the results are shown below. The analysis shows that SurfDesign maintains high structural consistency
while exhibiting competitive diversity, outperforming other methods on foldable diversity metrics and providing substantial
evidence of the model’s ability to generate high-quality, diverse sequences that remain faithful to the structural constraints of
input proteins.

Table 13. Foldable diversity on CATH-all.

Model Foldable Diversity T sc-TM T
ProteinMPNN (T=0, RD) 20% 0.80
ProteinMPNN (T=0.1) 23% 0.67
ProteinMPNN (T=0.2) 3% 0.30
ProteinMPNN (T=0.3) 0.1% 0.14
PiFold (T=0.1) 23% 0.72
PiFold (T=0.2) 8% 0.38
KWDesign (T=0.1) 18% 0.79
KWDesign (T=0.2) 23% 0.58
SurfDesign 23% 0.84

D.3. Structure Visualization

Here, we visualize several protein structure restoration results of SurfDesign, as shown in Fig. 6 and Fig. 7. The designed
structures were obtained using the latest AlphaFold 3 (Abramson et al., 2024) 4

SurfDesign VFN PiFold

RMSD = 1.522 Recovery = 76.0% RMSD =1.820 Recovery = 51.2% RMSD = 3.227 Recovery = 39.7%

Figure 6. Visualization results of a challenging sample (PDB 2KRT). We use AlphaFold3 to recover the structure from the predicted
sequence and compare it with the experimentally determined ground-truth structure.

D.4. Surface Visualization

In addition to restoring protein structure, we quantify surface similarity between the designed and ground-truth proteins.
We envision the surfaces of the designed and target proteins in Fig. 8. A substantial overlap is observed between the point
clouds of the designed protein surface and the ground-truth protein surface, with a relatively low CD and a significantly high
IoU. All of these indicate that SurfDesign produces proteins with the expected surface shapes.

“We employed the Alphafold Server for inference at ht tps://alphafoldserver.com/.
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RMSD = 0.645 Recovery = 78% RMSD =0.780 Recovery = 86%

4gb5.A 3hk4.A

RMSD =0.308 Recovery = 85% RMSD = 0.629 Recovery = 83%

Figure 7. Visualization of SurfDesign, where the green and pink ones are ground truth and designed structures, respectively.

lvpa. A loU:1.0|CD: 2.526 | NC: 0.7848 2m46.A  loU: 1.0|CD: 2.643 | NC: 0.6747

Figure 8. Comparison between original and designed surfaces, where molecular surfaces are visualized from two perspectives: the point
cloud view and the manifold view.
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