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Abstract
Designing enzymes with substrate-binding pockets
is a critical challenge in protein engineering, as cat-
alytic activity depends on the precise interaction
between pockets and substrates. Currently, genera-
tive models dominate functional protein design but
cannot model pocket-substrate interactions, which
limits enzyme generation with precise catalytic en-
vironments. To address this issue, we propose En-
zyPGM, a unified framework that jointly generates
enzymes and substrate-binding pockets conditioned
on functional priors and substrates, with a partic-
ular focus on learning accurate pocket–substrate
interactions. At its core, EnzyPGM includes two
main modules: a Residue-atom Bi-scale Attention
(RBA) that jointly models intra-residue dependen-
cies and fine-grained interactions between pocket
residues and substrate atoms, and a Residue Func-
tion Fusion (RFF) that incorporates enzyme func-
tion priors into residue representations. Also, we
curate EnzyPock, an enzyme–pocket dataset com-
prising 84,336 enzyme–substrate pairs across 1,036
four-level enzyme families. Extensive experiments
demonstrate that EnzyPGM achieves state-of-the-art
performance on EnzyPock. Notably, EnzyPGM re-
duces the average binding energy by 0.47 kcal/mol
over EnzyGen, showing its superior performance on
substrate-specific enzyme design. The code is avail-
able at https://github.com/John-Lin98/EnzyPGM.

1 Introduction
Enzymes are nature’s most efficient biocatalysts, accelerat-
ing chemical reactions by 103–1017 fold [Bar-Even et al.,
2011] while maintaining unique substrate specificity [Huang
et al., 2021]. The catalytic activity of enzymes arises

∗Corresponding authors.

Figure 1: Four cases of enzyme design. None of the enzymes in (b),
(c), and (d) bind to the substrate because there are no pockets in (b),
and atom clashes in (c) and (d), which are represented by red.

from precisely folded 3D structures that form confined spa-
tial regions, called substrate-binding pockets [Stank et al.,
2016], where specific substrates are recognized, bound, and
rapidly transformed into products. Recently, deep learning
methods have demonstrated impressive potential for func-
tional protein design [Chu et al., 2024; Kortemme, 2024;
Notin et al., 2024], where these methods can be classified
as: (1) general functional protein design guided by func-
tional labels and partial protein information [Baek et al., 2021;
Nijkamp et al., 2023]; (2) ligand-binding protein design relies
on the geometric structure of protein-ligand complexes [Wat-
son et al., 2023; Dauparas et al., 2025]; and (3) substrate-
specific enzyme design based on the substrate properties and
enzyme function [Du et al., 2025; Wang et al., 2025].
Challenges. However, joint modeling of enzymes and
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substrate-binding pockets remains rarely studied as it faces
several key challenges: (1) How to learn an effective represen-
tation of substrate-binding pockets to capture pocket-substrate
interactions? These interactions affect the binding configura-
tion and geometric structure of the enzyme and substrate [Stärk
et al., 2022]. Figure 1(b) shows the case without the pocket-
substrate interaction modeling, where the predicted enzyme
does not have a binding pocket and cannot bind to the sub-
strate. (2) How to accurately model the residues and substrate
in the pocket? The minor prediction deviations on residue
and substrate significantly reduce catalytic efficiency [Lesk,
2001]. Figure 1(c) and (d) show the cases without accurately
modeling the residue and substrate, where the predicted pocket
and substrate have an atom clash. (3) A lack of public datasets
that contain enzyme and substrate binding pockets.
Solution. To tackle these challenges, in this paper, we pro-
pose the Pocket-conditioned Enzyme Generative Model
(EnzyPGM), which explicitly models the substrate-binding
pocket to design substrate-specific enzymes. Our key moti-
vation is to model pocket-substrate interactions by bi-scale
representation learning, thereby dynamically adjusting pocket
sites in the enzyme to form a valid pocket. Furthermore,
given that enzymes have obvious functional categories and
functionally conserved sites, we integrate them into the lan-
guage model for enzyme design. Specifically, we propose the
Residue-atom Bi-scale Attention (RBA) module to accurately
model the interaction between pocket residues and substrate
atoms. It mainly consists of intra-residue and residue-atom
attention mechanisms, which individually capture neighbor-
hood correlations among residues, and the interaction between
pocket residues and substrate atoms, thus facilitating bi-scale
representation learning across pockets and substrates. To fuse
the enzyme function and structure into the residue representa-
tion, we employ the Residue Function Fusion (RFF) module.
It integrates Enzyme Commission (EC) number as the function
embedding and updates residue representations and 3D coordi-
nates based on their spatial neighborhoods. Also, to solve the
lack of public datasets in enzyme-pocket modeling, we curate
EnzyPock, the first enzyme–pocket dataset comprising 84,336
enzyme–substrate pairs across 17,404 PDB entries.
Main contributions are summarized as: (1) We propose En-
zyPGM, the first model to generate enzyme and substrate-
binding pockets conditioned on specific substrates jointly.
(2) We design a bi-scale attention mechanism and fuse en-
zyme function priors, which accurately captures the interac-
tion across residues and substrate atoms to generate a binding
pocket. (3) We curate EnzyPock, a refined enzyme-pocket
dataset to tackle the lack of datasets for enzyme-pocket jointly
modeling. Experimental results show that EnzyPGM consis-
tently outperforms existing methods across EnzyPock, gener-
ating enzymes with higher catalytic activity, structural confi-
dence, and substrate selectivity.

2 Related Work
Deep Learning for Protein Design. Recent protein design
methods mainly cover inverse folding, de novo sequence gen-
eration, and joint sequence-structure design. Inverse folding
models such as ProteinMPNN [Dauparas et al., 2022] and

ESM-IF [Hsu et al., 2022] recover sequences for given back-
bones. De novo sequence models such as ProtGPT2 [Ferruz et
al., 2022], DPLM [Wang et al., 2024], and DiMA [Meshchani-
nov et al., 2025] learn protein sequence distributions, while
joint models such as EGNN [Satorras et al., 2021] and
ESM3 [Hayes et al., 2025] models both sequence and struc-
ture. However, these methods do not explicitly model enzyme
catalytic functions and substrate-specific binding pockets.
Ligand-binding Pocket Generation. Owing to the impor-
tance of the ligand-pocket binding in drug design, several
studies propose ligand-aware pocket generation frameworks.
PocketGen [Zhang et al., 2024a] and PocketFlow [Zhang et
al., 2024b] explore ligand-binding pocket generation by in-
tegrating molecular priors. These methods usually require a
non-pocket scaffold and focus on local pocket redesign. In
contrast, EnzyPGM jointly generates enzymes and substrate-
binding pockets from conserved-site and substrate conditions,
thus their task settings are essentially different.
Substrate-specific Enzyme Generation. EnzyGen [Song
et al., 2024], GENzyme [Hua et al., 2024], and EnzyCon-
trol [Song et al., 2025] introduce functional, reaction, or
substrate-specific control into enzyme generation. Compared
with these methods, EnzyPGM explicitly models residue-atom
pocket-substrate interactions in a unified enzyme generation
framework for substrate-specific enzyme generation.

3 EnzyPGM: Pocket-conditioned Enzyme
Generative Model

3.1 Substrate-specific Enzyme Design
This work aims to design substrate-specific enzymes with the
binding pocket by modeling pocket-substrate interactions and
fusing enzyme function priors.

An N -residue enzyme E is represented as a sequence of
residues E = {r1, r2, . . . , rN}, where each residue ri =
(si, xi), with si ∈ A denoting the amino acid type, and
xi ∈ R3 being its 3D coordinate of the Cα atom. Here, A
represents the 20-amino-acid alphabet. A substrate molecule
V consisting of M atoms is denoted as V = {v1, v2, . . . , vM},
where each atom vj = (aj , yj), with aj ∈ R5 representing
the five atom-level chemical feature composed of element
type, aromaticity, connectivity, hydrogen atom number, and
hybridization type, and yj ∈ R3 being its 3D coordinate.

Given an enzyme E and substrate V , the substrate-binding
pocket P is the residue set spatially proximal to the substrate:

P = {ri ∈ E | min
vj∈V

∥xi − yj∥2 < d}, (1)

where ∥ · ∥2 denotes the L2 norm, and d is a distance threshold
(in Å) and set to 10 in our practice.

Enzyme Commission (EC) numbers are a standard for en-
zymes based on catalytic reaction types, where the fourth-
level classification precisely defines functional families and
provides a basis for inferring enzyme functions via homol-
ogy [Tipton and Boyce, 2000]. Functionally conserved sites
of enzymes are highly conserved across evolution, as these
residues directly determine catalytic activity and structural
stability, serving as key signatures of enzymes’ functions and
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Figure 2: Overview of EnzyPGM. (a) EnzyPGM takes enzyme function-conversed sites as a masked input sequence, conditioned on EC
number and substrate atom, and predicts the complete enzyme and pocket sites via RFF and RBA modules. The mask sites at the input are
represented by [M] both in sequence and coordinate space, their prediction results are indicated in red at the output. (b) present the specific
process of the intra-residue and residue-atom attention, the feature and coordinate updates.

structures [Capra and Singh, 2007]. To fully utilize these func-
tional priors, we obtain conserved sites M under EC label c
as part of the input using multiple sequence alignment (MSA),
and then predict other masked sites using a model.

In summary, our study problem can be formulated as a
conditional masked language modeling (MLM) task: given
a EC label c, a given substrate V , a functionally conserved
site index set M, its residues set EM, generate a complete
enzyme Ê and its substrate-binding pocket P̂ that can bind the
substrate. Essentially, we need to train a generative model to
learn the probability P (Ê , P̂ | EM,V, c).

3.2 Overall Framework

EnzyPGM is proposed for generating enzyme and substrate-
binding pockets conditioned on both enzyme functional class
and functionally conserved sites (Figure 2 (a)). It mainly
consists of two modules: the Residue Function Fusion (RFF)
and the Residue-atom Bi-scale Attention (RBA).

At a high level, RFF aims to fuse residue-level contextual
information from the enzyme sequence with functional priors
in EC number and maintain their SE(3)-equivariance, while
RBA focuses on enhancing pocket residues in both feature and
coordinate spaces selectively.

Next, we will detail the components of EnzyPGM.

3.3 Residue–Function Fusion (RFF)

RFF is stacked Transformer [Vaswani et al., 2017] blocks with
a function embedding and Spatial Neighborhood Equivariant
(SNE) layer. The former embeds the EC number into residue
embeddings to obtain function-aware residue embeddings,
while the latter performs message passing within the residue
neighborhood graphs to ensure SE(3)-equivariance of residue
representations and coordinates. We also use the SNE layer to
model the substrate atom and coordinates.

Given E and M, each si in E are first embedded into a
residue h

(1)
i ∈ Rdh :

h
(1)
i =

{
Emb(si), i ∈ M,

Emb([mask]), otherwise,
(2)

where [mask] is the special token to mask the sites we need to
predict, and dh denotes the dimensions of the representation.

For introducing the enzyme family priors, we encode the
EC number c into a function embedding Emb(c) ∈ Rdh using
a learnable embedding table and add it to the residue embed-
ding. Then, we apply Lr Transformer blocks with function
embedding to model long-range residue dependencies. In the
t-th transformer block, a multi-head self-attention (MHA) and
fully connected feedforward network (FFN) are performed to
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obtain the function-aware residue representation h
(t+1)
i :

h̃
(t)
i = h

(t)
i + Emb(c), (3)

h
(t+0.5)
i = h̃

(t)
i + MHA

(
LN(h̃

(t)
i ),LN(H̃(t))

)
, (4)

h
(t+1)
i = h

(t+0.5)
i + FFN

(
LN(h

(t+0.5)
i )

)
. (5)

Here LN(·) denotes the layer normalization (LN) operator,
Pre-LN instead of Post-LN [Xiong et al., 2020] is adopted,
and H̃(t) = [h̃

(t)
1 , . . . , h̃

(t)
N ].

The output {h(Lr+1)
i }Ni=1 of the last Transformer block and

the residue coordinates are then input to the SNE layer to
ensure their SE(3)-equivariance:

mik = FFN
(
h
(Lr+1)
i ;h

(Lr+1)
k ; ∥xi − xk∥22

)
, (6)

h̃i = FFN

h
(Lr+1)
i ;

∑
k∈N (i)

mik

 , (7)

x̃i = xi +
1

|N (i)|
∑

k∈N (i)

(xi − xk) · FFN(mik) . (8)

Here, mik denotes messages exchanged between residues,
N (i) is the local neighboring nodes set of residue ri within a
predefined radius, |N (i)| represents the number of the set, and
[;] denotes concatenation of vectors. Finally, the SNE layer
outputs refined residue representations {h̃i}Ni=1 with updated
coordinates {x̃i}Ni=1, which are passed to the RBA module.

Similarly, we stack Le of SNE layers to learn the substrate
atom representation {zj}Mj=1 from the embedding of the j-th

substrate atom chemical feature z
(1)
j = Emb(aj), but we do

not update the atom coordinates.

3.4 Residue-atom Bi-scale Attention (RBA)

RBA aims to enhance pocket residues in both feature and
coordinate spaces by jointly modeling (I) residue–residue and
(II) residue–substrate interactions (Figure 2(b)).

(I) Intra-Residue Attention. To capture global message
exchange within the enzyme, we perform the intra-residue
attention to integrate intra-residue message using a radial ba-
sis function ϕrbf based on the refined residue representations
{h̃i}Ni=1 and coordinates {x̃i}Ni=1. Specifically, the attention
weight αr

ik between the residue ri and rk is calculated as:

αr
ik = softmax

(
(qr

i )
⊤kr

k√
d

+W⊤
r ϕrbf(∥x̃i − x̃k∥2)

)
, (9)

where qr
i = Wr

Q · LN(h̃i), kr
k = Wr

K · LN(h̃k), and vr
k =

Wr
V · LN(h̃k) are the query, key, and value projections of

residue representation, and W[·] is a linear projection weight.
The intra-residue message mr

i from neighboring residues
and the coordinate update amount ∆xrr

i for residue ri are then

computed as:

mr
i =

∑
k∈N (i)

αr
ikv

r
k, (10)

grik = GLU (qr
i ;k

r
k;ϕrbf (∥x̃i − x̃k∥2)) , (11)

∆xrr
i =

∑
k∈N (i)

αr
ik · grik · x̃i − x̃k

∥x̃i − x̃k∥2
. (12)

Here grik is the learnable gate weight controlling the magnitude
of coordinate update between residue ri and rk, computed by
a Gated Linear Unit (GLU) [Dauphin et al., 2017].
(II) Residue–Atom Attention. To model the interaction be-
tween residues and substrate atoms, we perform cross-modal
attention between them. The attention weights βrs

ij between
the residue ri and the substrate atom vj are computed as:

βrs
ij = softmaxi

(
(qr

i )
⊤ks

j√
d

+W⊤
s ϕrbf(∥x̃i − yj∥2)

)
,

(13)
where ks

j = Ws
K · LN(zj), vs

j = Ws
V · LN(zj), softmaxi

means normalizing over residues.
We perform the softmaxj to the same attention score to ob-

tain the attention weight βsr
ij over atoms. The residue message

mrs
i and substrate atom message msr

j is then aggregated as:

mrs
i =

∑
j∈N (i)

βrs
ij v

s
j , (14)

msr
j =

∑
i∈N (j)

βsr
ij v

r
j . (15)

Feature and Coordinate Updates. Next, we update the rep-
resentations and coordinates of pocket residues and substrate
atoms based on the obtained messages and attention weights.
To avoid disturbing the global enzyme scaffold, coordinate
updates are sparsely applied only to non-conserved residues
within the predicted pocket region P̃ = {i | minvj∈V ∥x̃i −
yj∥2 < d} and all atoms of the substrate. This local re-
finement improves pocket geometry while preserving struc-
tural continuity. Specifically, we integrate intra-residue and
residue–substrate messages to obtain the updated representa-
tions h′

i and z′i:

h′
i =

{
hi + FFN (mr

i ;m
rs
i ) , i ∈ M∩ P̃,

hi, otherwise,
(16)

z′i = zi + FFN (msr
i ) . (17)

Here M is the non-functionally conserved sites.
Then, we use two GLUs to respectively compute the gate

weight grsij and gsrij of residues and atoms based on Equation 11
and qr

i ,k
s
j , x̃i, yj . The coordinate update amount ∆xsr

i for
residue ri and ∆yrsj for atom vj are computed as:

∆xrs
i =

∑
j∈N (i)

βrs
ij · grsij · yj − x̃i

∥x̃i − yj∥2
, (18)

∆ysrj =
∑

i∈N (j)

βsr
ij · gsrij · x̃i − yj

∥x̃i − yj∥2
. (19)
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Finally, the coordinates of residues and atoms are updated
as follows:

x̃′
i =

{
x̃i +∆xrr

i +∆xrs
i , i ∈ M∩ P̃,

x̃i, otherwise,
(20)

y′j = yj +∆ysrj . (21)

We stack Lp of RBA modules to obtain the final represen-
tation ĥi and coordinates x̂i and ŷj , a prediction head is then
employed to predict amino acid type:

ŝi = softmax
(
Waaĥi + baa

)
, (22)

where Waa ∈ R|A|×hd and baa ∈ R|A| are trainable parame-
ters, and |A| = 20 denotes the amino acid vocabulary size.

3.5 Training Objective
EnzyPGM is trained jointly using sequence reconstruction
and structural refinement. The training loss L considers the
joint optimization objective, including the enzyme sequence
loss Ls, pocket loss Lps, enzyme coordinates loss Lc, pocket
coordinates loss Lpc, and substrate coordinates loss Lsub:

Ls =
1

|M|

∑
i∈M

lCE(s
gt
i , ŝi), (23)

Lps =
1

|P|
∑
i∈P

lCE(s
gt
i , ŝi), (24)

Lc =
1

|M|

∑
i∈M

lHuber(x
gt
i , x̂i), (25)

Lpc =
1

|P|
∑
i∈P

lHuber(x
gt
i , x̂i), (26)

Lsub =
1

|M |
∑
j

lHuber(y
gt
j , ŷj). (27)

Here P is the ground-truth of pocket residue sites. sgt
i denotes

the ground-truth amino acid type, xgt
i and ygt

j are correspond
to real 3D coordinates of residue ri and substrate atom vj . lCE
and lHuber denote cross-entropy and Huber loss, respectively.
Then we obtain the total loss:

L = λsLs + λpsLps + λcLc + λpcLpc + λsubLsub, (28)

where λ[·] are hyperparameters for balancing these losses.

4 Experiments
4.1 EnzyPock: Dataset Curation
To build EnzyPock, we collect protein–ligand pairs from PDB-
bind [Wang et al., 2004] and CrossDocked [Francoeur et al.,
2020], map PDB IDs to UniProt EC annotations, group en-
zymes by fourth-level EC labels, and infer conserved sites
using Muscle5 [Edgar, 2022]. Pockets are extracted using
Equation 1. For multi-chain proteins, we retain the first EC-
annotated chain to avoid low-quality MSA analysis and exces-
sive sequence lengths. When records conflict, we prioritize
PDBbind over CrossDocked because PDBbind contains exper-
imentally validated complexes. To prevent leakage, we cluster

Dataset Training Validation Test

Sample Size 83,062 483 791
Third-Level Family 161 18 24
Fourth-Level Family 973 30 33
Average Seq. Length 324 314 322

Table 1: Statistics of EnzyPock. Sample size indicates the number
of enzyme-substrate pairs. The middle two rows are the number of
third and fourth-level EC families.

Method AAR ↑ Vina ↓ pLDDT ↑ scRMSD ↓ scTM ↑

ESM3 (1.4B) 0.76 -3.46 77.87 5.26 0.89
RFD2+IF (84M) 0.56 -6.65 68.70 6.36 0.86
EnzyControl (21M) 0.49 -6.90 58.74 8.54 0.77
EnzyGen (714M) 0.64 -6.65 60.46 9.64 0.75

EnzyPGM (798M) 0.77 -7.12 74.87 3.10 0.91

w/o res-res attn 0.73 -7.08 73.63 4.54 0.88
w/o res-atom attn 0.73 -7.13 72.48 4.55 0.87
w/o pock & sub loss 0.73 -7.13 74.43 3.54 0.89
Freeze RFF 0.70 -6.82 69.75 6.16 0.84

Table 2: Quantitative results on EnzyPock.

Method AAR ↑ Vina ↓ pLDDT ↑ scRMSD ↓ scTM ↑

ESM3 (1.4B) 0.64 -6.58 71.64 13.89 0.72
RFD2+IF (84M) 0.32 -7.15 61.91 11.81 0.72
EnzyControl (21M) 0.35 -7.18 60.64 10.88 0.71
EnzyGen (714M) 0.88 -8.27 70.10 6.37 0.82

EnzyPGM (798M) 0.71 -8.17 67.77 10.48 0.72

Table 3: Quantitative results on EnzyBench.

17,404 PDB entries at 70% sequence identity and split non-
overlapping clusters into training, validation, and test sets, as
shown in Table 1. We choose this threshold to balance leakage
control and dataset scale, since stricter thresholds substantially
reduce the number of usable families and lead to overfitting.

4.2 Experimental Settings
Baselines: We compare EnzyPGM with four representative
baselines: ESM3 [Hayes et al., 2025], RFD2+IF, EnzyCon-
trol [Song et al., 2025], and EnzyGen [Song et al., 2024].
RFD2+IF first uses RFDiffusion2 [Ahern et al., 2025] to gen-
erate enzyme structures conditioned on functionally important
sites, and then applies ProteinMPNN [Dauparas et al., 2022]
for inverse folding. Since ESM3 and RFDiffusion2 do not re-
lease their training scripts, we use their released model weights
for generation. For EnzyControl, we use the public checkpoint
and follow its evaluation pipeline.
Evaluation Metrics: We evaluate generated enzymes us-
ing amino acid recovery (AAR), Vina score (Vina) [Trott
and Olson, 2010], pLDDT [Jumper et al., 2021], scRMSD
and scTM [Trippe et al., 2023]. AAR measures the percent-
age of correctly recovered residue recovery in generated en-
zymes, Vina score estimates enzyme-substrate binding affinity,
and pLDDT reflects the foldability of generated sequences.
scRMSD and scTM measure structural consistency. For fair
comparison across modeling paradigms, we compute structure-
related metrics mainly on ESMFold-predicted structures and
confirm that using native structures for structure-only base-
lines leads to consistent conclusions.
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Binding affinity (Vina score ↓)
EC Family 1.1 2.1 2.3 2.7 3.2 3.5 4.1 5.2 5.3 Avg.

ESM3 (1.4B) -4.55 -0.60 -0.00 -2.04 -1.53 -5.67 -0.91 -3.71 -0.14 -3.52
RFD2+IF (84M) -5.62 -6.38 -9.14 -8.57 -7.27 -6.47 -6.88 -6.79 -5.30 -7.01
EnzyControl (21M) -4.74 -6.28 -8.57 -8.48 -6.59 -6.45 -6.96 -7.10 -5.88 -6.93
EnzyGen (714M) -4.75 -6.12 -9.03 -8.44 -6.36 -5.96 -6.97 -6.80 -6.06 -6.66

EnzyPGM (798M) -4.89 -6.21 -9.37 -8.39 -6.97 -6.85 -7.15 -6.98 -5.84 -7.14
Foldability (pLDDT ↑)

EC Family 1.1 2.1 2.3 2.7 3.2 3.5 4.1 5.2 5.3 Avg.

ESM3 (1.4B) 83.41 80.82 82.21 75.80 74.84 80.37 67.18 78.89 84.58 77.91
RFD2+IF (84M) 77.15 77.90 70.07 73.15 43.66 71.84 56.38 73.07 81.63 68.56
EnzyControl (21M) 68.59 76.06 71.05 70.58 37.74 55.16 50.05 62.83 82.42 58.62
EnzyGen (714M) 63.31 75.78 53.34 70.47 45.00 58.73 50.65 63.08 76.60 60.33

EnzyPGM (798M) 79.96 76.27 75.68 71.34 75.59 79.25 49.68 79.38 85.34 74.89

Table 4: Binding affinity (Vina score) and Foldability (pLDDT) comparison across 9 main EC-2 families on EnzyPock.

Ground Truth: -11.83 kcal/mol
(HB 7, π-cation 1, π-π stack 2, Salt 2)

EnzyPGM: -11.58 kcal/mol
(HB 9, π-cation 1, π-π stack 2, Salt 2)

EnzyGen: -9.97 kcal/mol
(HB 10, π-cation 1, π-π stack 2, Salt 1)

EnzyControl: -8.58 kcal/mol
(HB 8, π-cation 0, π-π stack 2, Salt 1)

Ground Truth: -10.72 kcal/mol
(HB 6, π-cation 0, π-π stack 2, Salt 2)

EnzyPGM: -12.22 kcal/mol
(HB 9, π-cation 2, π-π stack 2, Salt 2)

EnzyGen: -10.13 kcal/mol
(HB 7, π-cation 2, π-π stack 2, Salt 1)

EnzyControl: -7.23 kcal/mol
(HB 9, π-cation 1, π-π stack 2, Salt 1)

PDB ID: 4O67_A

PDB ID: 5VDS_A

Figure 3: Visualization of ground-truth, EnzyPGM-generated, and two baseline-generated enzyme-substrate complexes. Each panel displays
the enzyme pocket (blue) and substrate (yellow), alongside the Vina score and the number of enzyme-substrate interactions, including hydrogen
bonds (HB), π-cation interactions, π-π stacks, and salt bridges (Salt).

Implementation Details: EnzyPGM is composed of three
stacked RFF and RBA modules, where each RFF contains
11 Transformer blocks initialized with ESM2 weights [Lin
et al., 2022]. A total of 3 individual SNE layers are used to
process the substrate, and RBA only updates the pocket area
within a 10Å radius of the substrate. The total parameter of
EnzyPGM is 798M. The spatial K-nearest neighbor number
in RFF, substrate SNE, and RBA are set to 30, 16, and 10,
respectively. The hyperparameters λs, λps, λc, λpc, and λsub
are set to 1, 0.5, 1, 0.5, and 1, respectively. For training
EnzyPGM on EnzyPock, we adopt AdamW with a learning
rate of 1e-5 and a cosine learning schedule, dynamic batch
size on GPU memory capacity, and use four NVIDIA A100
GPUs to train 30 epochs with 8000 warmup steps.

4.3 Quantitative Results
EnzyPGM realizes more effective enzyme design. As shown
in Table 2, EnzyPGM achieves the highest AAR of 0.77

and the lowest Vina score of -7.12 on EnzyPock, surpass-
ing EnzyGen by 0.13, reducing the average binding energy by
0.47 kcal/mol. Meanwhile, EnzyPGM exhibits state-of-the-art
performance in scRMSD and scTM on EnzyPock, suggesting
the generated enzymes are well-folded and of high substrate
affinity. Although ESM3 obtains the highest pLDDT, En-
zyPGM substantially outperforms it on Vina score while using
fewer parameters, showing that explicit pocket-substrate in-
teraction modeling is more effective for enzyme design than
general protein pre-training. Also, we test all approaches on
EnzyBench (Table 3), confirming that EnzyPGM has desir-
able performance and generalization, particularly in binding
affinity. Specifically, we demonstrate the performance of all
approaches on 9 main EC-2 families of EnzyPock in Table 4.
These results demonstrate that pocket modeling benefits to gen-
erate enzymes with higher substrate-binding capability and
structural validity, leading to more effective enzyme design.
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Figure 4: Analysis of representation learning.

Figure 5: Analysis on pLDDT generalization.

4.4 Ablation Studies
All designs in EnzyPGM contribute to enzyme generation.
We conduct ablation experiments to assess the contribution
of core designs in EnzyPGM, which are the intra-residue and
residue-atom attention, pocket and substrate loss, and RFF
module. As shown in Table 2, removing two attentions results
in a 1.24 and 2.39 drop in pLDDT, respectively. This confirms
that the bi-scale attention improves performance in enzyme
sequence design. Removing the pocket and substrate loss leads
to a modest drop in overall performance, confirming that they
promote model training. Freezing the RFF during training
results in a performance drop across all metrics, suggesting
that the backbone model is essential for EnzyPGM. These
results confirm that EnzyPGM’s core designs jointly promote
its enzyme design performance.

4.5 Case Studies
EnzyPGM designs high-affinity binding pockets. To
demonstrate EnzyPGM’s performance in generating pockets,
we perform a case study to compare it with 2 baselines and
the ground truth. Visualization in Figure 3 reveals that En-
zyPGM generates valid substrate-binding pockets with a lower

Figure 6: Analysis on Vina score generalization.

Figure 7: Analysis on Vina score distribution.

Vina score than baselines and more abundant hydrogen bonds,
which means the residues in the pocket form strong chemical
bonds with the substrate. In contrast, EnzyGen and EnzyCon-
trol generate irregular binding regions where residues struggle
to form stable chemical bonds with the substrate. These results
highlight that pocket-conditioned training not only improves
enzyme design quality but also generates valid and stable
substrate-binding pockets.

5 Conclusion
We propose EnzyPGM, a unified pocket-conditioned genera-
tive model for substrate-specific enzyme design. By integrat-
ing residue-atom bi-scale attention and enzyme function pri-
ors, EnzyPGM jointly models enzyme generation and pocket-
substrate interactions. We also curate EnzyPock, a dataset
containing 84,336 enzyme-substrate pairs across 1,036 fourth-
level EC families. Experiments on EnzyPock show EnzyPGM
outperforms state-of-the-art methods in both binding affinity
and structure validity metrics, highlighting its effectiveness
for substrate-specific enzyme design.

A Further Analysis
We provide additional t-SNE, generalization, and Vina-
distribution analyses (Figure 4, 5, 6, and 7), showing that
EnzyPGM learns function-aware representations and main-
tains stable substrate-specific binding performance.
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