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Abstract

Protein-protein interactions (PPIs) are essential for many biological pro-
cesses, but their design is challenging due to their complex and dynamic
nature. We propose a new model called Hierarchical Interface CO-design
Network (HICON) that can jointly generate the sequence and 3D structure
of protein interfaces. HICON uses a novel hierarchical architecture that
combines atomic and amino acid resolutions in an equivariant manner and
leverages Large Protein Language Models for sequence initialization. We
evaluate HICON on a variety of biological interfaces, including protein-
protein, enzyme-ligand, and antibody paratope-epitope interfaces. Our
results show that HICON outperforms state-of-the-art models on sequence
prediction and paratope co-design on several computational metrics.

1 Introduction and related work

Recent advances in generative models for biology[14}, 21 6] have revolutionized the field
of protein interface design, enabling the development of novel binding proteins with
unprecedented experimental success rates. This has opened up new possibilities for the
design of protein interfaces with tailored properties, such as increased binding affinity,
specificity, and stability.

There are three main challenges in designing novel interfaces: The first is generation
scope. Existing models either generate only the sequence or only the structure (e.g.,
RFEDiffusion[17]). It is desirable to perform interface co-design, or the joint generation of
sequence and structure, as both are highly interdependent. The second is the applicability
domain: Existing interface co-design models (e.g., RefineGNN[18]) focus on antibody CDRs.
However, structural antibody datasets[1] are limited, and larger protein datasets contain
a more diverse set of natural interfaces. It is desirable to optimize an architecture for
generalized protein-protein interface design. The third challenge is model representation
and efficiency: binding interactions occur at the atomic scale however modeling proteins at
an all-atom level is computationally expensive and prone to learning noise. Hierarchical
message-passing[5] is an effective strategy to introduce inductive bias and ensure learning
efficacy. ProNet[10] and IEConv[11] leverage the hierarchical structure of proteins, but
are non-generative. HSRN[19] provides a framework for generative hierarchical co-design
networks, but its all-atom model does not scale well with large proteins.

In this paper, we propose a new architecture called Hierarchical Interface CO-design
Network (HICON) to address the above challenges. HICON simultaneously generates the
sequence and structure of a protein interface in a one-shot manner, leveraging Large Protein
Language Models (LPLMs) for sequence initialization. Our architecture is optimized for
generalized interface design, including enzyme pockets. Finally, HICON introduces a
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novel Equivariant Hierarchical message-passing network, leveraging atomic features in
a scalable and efficient framework. We show that HICON outperforms state-of-the-art
inverse folding and paratope co-design models on various computational metrics. We also
demonstrate that HICON can be applied for PPI design as well as protein-small molecules
in an enzyme test case.

2 Methods

2.1 Hierarchical 3D Graphs

Proteins can be naturally modeled as Hierarchical 3D graphs. A two-level Hierarchical 3D
graph can be represented as G = (V, E, P). Here, V = {v;}"_, is the set of node features,

where each v; € RK*% denotes the feature matrix for node i. E = {eij};?jzl is the set

de

of edge features, where ¢;; € R represents the edge feature matrix for edge (i, 7).

Furthermore, P = {P;}_, is the set of position matrices, where P; € RF*3 denotes the
position matrix for node i. The parameters k;, and k; can vary for different applications.

For example, if we treat each atom in a molecule as a node, then k; = 1 and k;:’]. =1 for

each node 7, and each edge (i, j) respectively. Conversely, in the context of proteins, where
each amino acid serves as a node, k; signifies the number of atoms in amino acid i. And kf].

signifies the number of edges between atoms within amino acid i, and atoms within amino
acid j, and between the atoms across both.

2.2 Hierarchical Message Passing

We generalize GNNs message-passing[8] on simple graphs for Hierarchical Graphs by
considering all nodes and edges in the subgraphs as follows:
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Where 1 < p < k; is a node in the subgraph i, and M; is a Multi-Layer Perceptron.
Our framework allows us to perform message-passing on the subgraph level and the simple
graph level (k; = 1 and kl‘fj < 1). In order to ensure end-to-end learning on both levels

sequentially, we take a representative node (alpha carbon position and latent embedding)
from each subgraph after the message-passing on the subgraph level.

2.3 Model architecture

The main assumption of this work is that the interface’s sequence and 3D position primarily
depend on atom-level interactions, which are often neglected when considering an amino
acid-level abstraction. This statement holds especially true in interfaces involving small
metabolites such as small molecules Fig. [1} Details are presented in Appendix S2.

HICON receives 3 main streams of information:
1. The complex graph is first passed through the Complex Module to encode the
global embeddings of the complex as separate entities.

2. The atomic/chemical graph of the interface is then fed into the Encoder to embed
the atomic-level geometrical and chemical structure of the interface.

3. The sequence information is embedded separately and fed into the Decoder.

Masking and Noising We train the model by masking amino acid types in the interface.
We also remove sidechain atoms and noise the coordinates of backbone atoms using the
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Figure 1: HICON's hierarchical framework: circular arrows indicate message-passing steps.

following noising scheme:

Ptrans = Pinir + Ctranslation X AA—tranSZationf?)ﬁi] + Ciﬂf@mﬂl X internal_nmseﬁfﬁmw

Proised = (Ptmns — Pirans ) : RF,A%/%] + Pirans
ESM Initialization We leverage the sequential dependencies using Large Language

Models trained on sequence data. Specifically, we use ESM-2[3] predictions to initialize the
masked amino acids, as opposed to random or zero initialization.

3 Results

3.1 Interface Sequence Prediction

We evaluate our architecture on the inverse folding problem given partial sequence infor-
mation using Proteinflow[9]. Masked amino acids are stripped of their side chain atoms.
The length of the masked portion is I = 20. We provide non-masked amino acid types as
node features for PiFold[22] and ProteinMPNN]2] and train them in a one-shot manner.

Table 1: Protein-protein interface sequence prediction benchmark: First, Second

Model Accuracy Perplexity
HICON-ESM35M  50.9% 1.92
ESM35M 18% 8.35
HICON 49.3% 2.38
PiFold 49.1% 2.37
ProteinMPNN 45.1% 2.95

3.2 PPI Co-design

We assess the codesign framework of HICON, with 2 cycles, using a general PPI dataset.
As a baseline, we consider ProNet, with similar blocks as HICON, and equivariant layers.

Table 2: Protein-protein interface co-design benchmark: First, Second

Model Accuracy ESM Acc. C, RMSD CRMSD N RMSD
HICON-ESM150M  29.1% 23.2% 1.48 1.80 1.76
HICON-ESM35M 26.2% 18% 152 1.79 1.77
HICON 21.9% - 1.61 1.99 1.96
ProNet 16.2% - 2.79 3.51 3.42
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Figure 2: 3 examples of HICON-ESM35M predicted coordinates. Individual C, RMSDs for
subfigures 1, 2, and 3 are respectively 2.427, 0.933, and 1.735

3.3 Enzyme Co-design

The atomic features of the HICON model enable its use for another application: enzyme
interface redesign. We construct 3 datasets from BRENDAJ16] with 3 splits: Tanimoto,
MMseqs[15] sequence similarity, and EC numbers.

We define the interface with a geometric radius around the ligand. We also add a separate
chemical message passing block for the ligand. Details about the Protein-Ligand adaptation,
and ablation studies, are presented in the supplementary materials.

Table 3: HICON-ESM35M results on enzyme co-design: First, Second

Split Accuracy ESM Acc. Exp.Res. Cy RMSD CRMSD N RMSD
Tanimoto 45% 29.7% 2.06 £0.47 1.65 1.97 1.99
MMseqs 26.8% 25.5% 2.15 £ 048 1.67 1.91 1.94
EC number  27.3% 26.7% 2.01 £046 1.73 1.95 1.94

Results show that splitting has a significant impact on sequence prediction accuracy. We
suggest that ligands with highly dissimilar scaffolds might bind to similar pockets.

3.4 CDR-H3 Paratope Co-design

We test HSRN[19] with their position initialization module (original init), and with our
noising (our init). We consider HSRN's dataset: the test set is a manually curated dataset
used in RefineGNN]18], and in Diffab[13], and the training set is extracted from SabDAD[I].
We also train MEAN]20] using our initialization, and the original Diffab[13].

Table 4: CDR-H3 paratope co-design benchmark: First, Second

Model Accuracy Perplexity C, RMSD CRMSD N RMSD
HICON-ESM35M 31.20% 2.97 1.86 2.13 2.08
HSRN (original init) ~ 28.02% 7.59 2.96 2.85 2.8
HSRN (our init) 27.71% 8.47 2.78 3.18 2.66
MEAN 28.70% 4.10 1.53 1.43 1.45
Diffab 26.93% - 3.44 3.38 2.90
ESM35M 7.4% 8.36 - - -

4 Conclusion and Further Work

This paper presents HICON, a model for protein interface co-design. We introduce a
hierarchical message-passing framework and LPLMs for sequence initialization. Our exper-
iments show that HICON outperforms existing methods in PPI sequence prediction and
CDR-H3 co-design, and can design general PPIs and enzymes using atomic information.
For further research, we can explore a position initialization module and test its effects
on robustness and stability. Additionally, experimental validation can further assess the
model’s capacity to improve binding affinity in various use cases.
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5 Appendix

5.1 Ablation Studies

To test our main assumption regarding the architecture and optimal level of representation
for encoding protein interaction information (full atom or residue level), we evaluated the
impact of different architecture choices on the Protein-Protein Interface Co-Design dataset.
We consider 3 experiments that evaluate the validity of our hierarchical framework and the
atomic-level representation. We also compare the sizes of different models in terms of
the number of parameters, as an indicator of the models’ representation efficiency, and
inference speed.

¢ The first model HICONy 5, operates using the same complex+interface framework
at a full amino acid resolution; i.e.: removing the chemical, and atomic message
passing blocks.

® The second model HICONjpterface, ONly operates on the interface (with atomic and
amino-acid message passing), but without the complex block.

* The third model HICONAA_complex performs amino-acid-level message passing on
the whole complex. We achieve this by removing the complex block and setting the

interface-defining radius to 100A: the geometric area where the message passing is
performed in the encoder and decoder.

Table 1: Ablation experiments results (HICON-ESM35M) FirstE]

Model Nb. params* Accuracy C, RMSD CRMSD N RMSD
HICON 20.2M 26.2% 1.52 1.79 1.77
HICONaa 11.9M 24.9% 1.58 29 2.83
HICONinterface 17.4M 26.2% 1.46 1.79 1.75
HICONAA_complex 9.1IM 23.5% 2.08 2.75 3.08

Results show that the atomic hierarchical message passing (HICONiyterface; HICON)
improves results significantly on both sequence prediction accuracy, as well as RMSD, when
compared to models with only amino-acid resolution (HICONaA, HICONAA_complex)-
Additionally, HICONjpterface Slightly outperforms the baseline on the structure prediction,
while having 2.8M fewer parameters. This result suggests that complex-level information
does not have a significant impact on interface co-design, which validates restricting most
of the HICON’s computations around the interface. Note that due to hardware limitations,
we could not test a fully atomic model.

Enzyme ablation: In the absence of other models to benchmark our enzyme co-design
model, we resorted to testing if the model used ligand information to reach its structural
and sequential performance. We perform a test consisting of training the same model
on an enzyme dataset, with or without the ligand information, enabling us to test the
contribution of the ligand in the design of the pocket.

For this experiment, we curated a cleaner enzyme dataset, from NLDB|? ], which provides
the active compound associated with the enzyme for each pdb id. This avoids retrieving
the ligand from raw pdbs where co-factors and other small molecules might be picked up
as ligands, adding noise to the input. We cluster and split using MMseqs[[15] similarity
measure with a 30% threshold.

In the table below, we compare HICON-ESM35M, and HICON-ESM35M_nolig, on the
NLDB dataset.

1Excluding frozen ESM-35M parameters
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Table 2: HICON-ESM35M results on NLDB enzyme co-design FirstE]

Split Accuracy Perplexity Exp. Res* C; RMSD CRMSD N RMSD
HICON 29.6% 4.13 213 £ 045 1.65 2.03 2.01
HICON_nolig ~ 29.1% 4.43 213 £ 045 1.85 222 217
ESM35M 21.8% 8.36 - - - -

We observe that removing the ligand information has a small effect on the sequence
retrieval accuracy and a more significant impact on the structure RMSD. Due to the large
diversity of enzymes present in our datasets, we expect that limiting the pocket diversity
could enhance the impact of the ligand class in the codesign results. This could be done by
limiting the dataset to a specific enzyme class or by curating a new dataset where similar
enzyme sequences appear with several substrate types.

Size ablation: In our experiments, we tested HICON with 20 missing amino acids for
fair comparison, and showed results for CDR-H3 co-design, which is a smaller interface.
To test the performance with bigger interfaces, we tested our model on the general PPI
dataset with a larger masked interface. The results are shown below:

Table 3: HICON results with larger interface sizes First
Split Accuracy Cy RMSD CRMSD N RMSD

20 AA 21.9% 1.61 1.99 1.96
40 AA 20.4% 1.92 2.27 2.24

5.2 Model architecture

52.1 Complex Module

The complex module encodes global information about the pair of molecules that might
affect the interface information. It performs message passing on both graphs separately at
an amino acid resolution. Namely, input node features are

v; = <OneHot(Amino Acid Type), Dihedrals(poscy, posc, posN)) e R% (1)

Where d, = 21 + 6, as in [7], is the node input size, formed of a one-hot encoding of the
amino-acid type, and the dihedral angles of the backbone. Input Node coordinates are

b = posé’x. While input edge attributes are:

n

, 4(070)), D RBEo (R Pi) ) € R

P, — P,
eij = (PosEmblé(i,j), OT / e
(k,1)€backbone; x backbone;

" 1P — P
@)
The different terms in are denoted respectively as follows [7]:

* PosEmbyg is a positional embedding that represents distances between residues in
the sequence (rather than space). This edge feature indicates if connecting nodes
are in close proximity in the sequence (adjacent amino acids).

* The second vector is a direction encoding that corresponds to the relative direction
of P; in the reference frame of (P;, O;). O; being the relative orientation of node i
tonode i + 1.

e The third vector is an orientation encoding ¢(.) of the quaternion representa-
tion of the spatial rotation matrix OiTOj . Quaternions represent 3D rotations

as four-element vectors that can be efficiently and reasonably compared by an
inner product. Both the second and third terms describe the relative geometrical
orientation of the nodes.

2*Exp. Res.: mean PDB experimental resolution threshold in resp. test-sets
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¢ The fourth term, as in [2], is formed of the distance encoding in radial basis
16 between all possible pairs of backbone atoms in amino acids i and j. The
concatenation of all distance vectors gives a full representation of the relative
positions of the pair of amino acids involved in the edge.

The resulting total input edge dimension is d, = 423.

Linear Message Passing The first level of message passing in the complex graph occurs on
the linear graph defined by the protein sequence. Thus, the set of edges in the linear graph
is defined as follows:

E= U {(k,k+1[N]),k € 0..N —1,N = [seq|} (3)

seqe{sequence sequencey }

Where sequence; and sequence; represent the amino acid sequences of protein 1 and protein
2 respectively. The message-passing operation uses the EGNN layer introduced in the
methods section, with a depth of 4.

Amino-Acid Message Passing The output node, and edge embeddings, as well as node
coordinates from the linear block, are passed to a second message-passing block that
operates on the global 3D structure of the complex at an amino-acid resolution. Namely,
we construct the graph edges as follows:

E={(ij) € [1...n]2, |P; — Pj|| < radiusgny,
|Eii| <32, |Ej.| < 32, Protein[i] = Protein[j]} (4)

We connect nodes from the same protein within a geometric radius (radiuscompiex_gnn = 20),
with a maximum number of neighbors set to 32.

5.2.2 Encoder

The encoder module operates on the interface only. Message-passing occurs on both the
atomic and amino-acid resolutions. We introduce the first operator that selects the interface
using the masked amino acids Chain_mask;:

Sinterface(X) = {i €X, 3j € Chain_mask, Hpi(0> - P]‘(O)H < radiusinterfuce} ®)

Where radius;yser face = 15 in most experiments. Sjyer face Selects a geometric region around
the masked amino acids in the interface using input positions. We, therefore, select the
global node embeddings, after message-passing in the complex block, as initialization for
the encoder’s amino acid level vectors.

lobal 1
ansg;gr = Sinterfuce (MLPgnC (h;omp ex)) (6)
quoéoder = Sinterface(PcomPlex) (7)
1
Pg,ﬁ%} = fﬁg;’lfer + (Sinterface(Pcomplex) - Sinterface(P;)ij ex)) (8)

Where MLPS" compresses the complex embeddings from IR dden_dim yo Rhidden_dim/2 - And
the sidechain atoms’ positions are translated by a vector in the direction of the new Ca
coordinates.

To compute the atomic-level embeddings, we perform message passing sequentially on
two atomic blocks described below:

Chemical Message Passing This module considers the full graph on the subgraph level i.e.:
all atoms. No side chain atoms and information are given in the masked amino acids. This
is done by initializing masked amino acids as Glycine, which only contains 4 backbone
atoms, to ignore any sidechain information. Node input features are the biological atom
type (Ca, CB, NE1...). Moreover, the edges are defined as the chemical bonds between
these atoms. Input edges features are defined using rdkit [12]: type of bond between two
atoms, such as single, double, or triple. The stereo property indicates whether the bond
is cis or trans, and the is_conjugated property indicates whether the bond is part of a
conjugated system.
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We project these features to a latent space in R"ddn-dim/2  Then, 4 layers of message
passing update the atom positions and embeddings, which learn to fix bond lengths of the
initial noisy structure.

Atomic Message Passing This module performs geometric message-passing on an atomic
level. The input node embeddings, as well as atom positions, are the output of the chemical
message-passing block. Then, It passes messages to nearby atoms in the graph, including
neighboring atoms of other protein chains or ligands. We construct the graph edges as
below:

E _ { (p,q) € [1.k] x [1..k;], (i,]) € [L.n]?, } ©)

1P} — PJ|| < radiusatom_gnn, |EJ; | < 24,|E["| <24

ij
Where radiusatom_gnn = 10. After 4 layers of message-passing, we introduce the following

operator to select an amino acid representative, allowing us to transition to the amino acid
level:

= (P"SEmb16<i,j>, RBFy(||P! — P?H)) e R",d, =32 (10)

Sca(X) = (x5 ¢ X, i € [1..n]} 11)

Therefore, we define Ve”}fgg; o and Pg‘iﬁ) oy AS:
hg;%nder — SC(X (hgtom) e ]haddenfdlm/Z (12)

AA t
Pencoder = SCIX(Pa om) (13)
Afterward, we concatenate hgfg’;‘d o and Vfrfffgé . along the last dimension, defining Ve‘zf}) der:
AA global £ hidden_di

Vencoder - (hencoderf hgnoc:)nder) €R wden (14)

Taking VA4,  and PA4 . as input, we perform 4 layers of message passing on an amino
acid level, similar to the complex’s with a lower cutoff radiuspa_¢ny = 10, and
allowing for messages to pass between nodes across both proteins or protein-ligand in the

interface.

5.2.3 Decoder

This module aggregates information from 3 different inputs: the complex module’s embed-
dings, encoders atomic, and amino acid embeddings and coordinates, as well as the input
sequence embeddings, defined as:

Vsequence = MLPseq(sequence) € [Rhidden_dim (15)

Similar to the encoder, the decoder operates only on the interface. The input to this module
are:
AA(0)

_ complex encoder hidden_dim
Vdgcoder - Sinterface(vsequeme) + Sinterfuce(hv ) + hv €R N

Cu _ pCa

Pdecoder - Pencoder

atom  __ decoder (1,atom hidden_dim
Vdecoder - MLPZI (hencoder) €R

Putoms __ patoms

decoder — ~ encoder

Where MLPAecoder expands the the encoder’s atomic embeddings from R"dden-dim/2 o
]Rhidden_dim.

vatom  and Pilo™s | from the encoder, are used as input to perform 4 layers of atomic
message passing similar to the encoder’s defining:
AA [ AA t hidden_dimx2
Videcoder = (hdecoder' Sca (hge%nder)> € R (16)
AA t
Piecoder = Sca(Pecoder) 17)
Finally, we perform 4 layers of amino-acid message-passing geometrically similar to the
encoder’s Fig. 3|summarizes the information flow within the encoder and decoder
modules.
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Figure 3: HICON’s Encoder and decoder information flow. Expand and Compress are
MLPs that map the node embeddings to a new embedding dimension.

5.2.4 Predictor

The predictor module maps the decoder’s hidden node embeddings h4°c®#" to the proba-
bility distribution of the amino acid type:

p(aa_type | hgecoder) — Softmax(MLPom(hgewd”)), MLP,y; : Rhidden?dimx2 N IRZO (18)

The predicted C, coordinates correspond to the decoder’s node coordinates after the
amino-acid message-passing and the rest of the backbone coordinates correspond to the
respective atom coordinates after the decoder’s atomic message-passing.

5.3 Datasets

5.3.1 Curation and cleaning

We use the Protein Data Bank (PDB) [4] to access the protein and ligand atomic coordinates
using PDB files and extract the aligned sequence from the entity’s Fasta files. We remove
entries with sequences longer than 2.000 residues or shorter than 30. We also set a
resolution threshold of 3.5 Angstroms. Additionally, we remove chains with more than
10% missing residues in the middle and more than 30% missing residues at the ends of
the protein chain. Finally, we remove redundant protein chains (sharing more than 90%
sequence identity).

5.3.2 Protein Complexes Preprocessing Pipeline

To evaluate HICON on Protein-Protein interface co-design, we remove single-chain PDBs
and generate pairs of interacting chains from the rest of the PDBs. Namely, we consider

protein pairs with at least 3 contact points (C,’s with a distance < 1OA) i.e:

is_valid_pair((chainy, chainy)) = |{aay € chainy, Jaay € chainy,
IPE! — P2 <10} =3 (19)

5.3.3 Enzyme Preprocessing Pipeline

We retrieve a list of enzyme PDBs and their corresponding EC classes from BRENDA [16].
Then, we extracted the ligands from every PDB. We do not consider ions, or heterogeneous
molecules having covalent bonds to the protein. We also compare the atomic graph we
get from the PDB with the natural SMILES of each molecule to get the correct canonical
indexing of the atoms

5.4 Splitting

We consider a (90%, 5%, 5%) split for training, validation, and testing. For the Protein-
Protein dataset, we split the dataset according to the sequence similarity between single
chains. Namely, we consider Algorithm [If using MMseqs[[15] clustering.
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Algorithm 1: Sequence similarity splitting algorithm

Input :Chains = {(chain;, pdb_id;),i € [1...N|}, valid_ratio, test_ratio, train_ratio

Clusters <— MMseqs_clustering(Chains) using 30% sequence similarity threshold.

Build a graph G(Clusters, E) where E are edges connecting clusters with chains sharing
the same pdb_id.

Retrieve connected components C from graph G.

Assign sets of connected components Ci,;5i7C C, Crest C C, Cpiy C C, such that the total
number of chains in each set of connected components is respectively equal to
valid_ratio, test_ratio, train_ratio up to 20% margin.

if not possible, cut edges from the graph and repeat 4.

For the enzyme dataset, we consider 3 different splits. First, the sequence similarity
splitting algorithm [I} Second, we consider splitting using ligand similarity. We achieve this
by using a different clustering algorithm in step 1, using the Tanimoto similarity measure
and Rdkit’s Butina clustering algorithm with a similarity threshold of 30%. Third, we
split according to EC classes, we select members from all major EC classes for training but
prevent certain subclasses (ex: 2.1) to appear in both training, and validation and testing
set, using algorithm [2] to partition the dataset.

Algorithm 2: EC classes splitting algorithm

Input :Enzymes = {(pdb_id;, ec_number;), i€ [1..N], ec_number;e X.Y.Z.T},

valid_ratio, test_ratio, train_ratio

Clvalid/ Cliest, Cltmin = {}/ {}/ {}

for x <~ 1to X do

Clusters < {(pdb_id;, ec_number;),ec_number; = x.y. * .x, y€Y}

Assign sets of clusters CI7 ., C Clusters, Clf, ,C Clusters, Clj, ; C Clusters, using
the Cutting stock algorithm with sizes valid_ratio x N, test_ratio x N, train_ratio
x N

Clygriaé— ClogiaV CLy 14

Cliest < Clyest U Cli‘cest

Clirain <= ClirainU Cly,

train
end

When sampling from these datasets for training or inference, we iterate over the individual
clusters and randomly pick a chain within that cluster. For the EC dataset, we sample
from the smallest subclass i.e: x.y.z.* (example 2.1.1.*) instead of the clusters defined for
the splitting. Meaning that we loop over the x.y.z.* subclasses, then we select a random
data point from that subcluster (example: 2.1.1.2) as the next training/inference point.

10



Protein-Protein interface Preprocessing pipeline
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Figure 4: We consider a
pair of proteins as a com-
plex if they have at least
3 contact points (defined
using radiuscontact = 10).

Figure 5: We calculate
all contact points in the
binder using radiuscontact

Figure 6: We pick a ran-
dom contact point and
consider the [ — 1 closest
neighbors in the binder as
masked amino acids (I =
20).

Figure 7: We noise the
backbone coordinates and
remove sidechain atoms
of the masked amino
acids. See Sec. ?? for more
detail.

Figure 8: We define
interface amino acids
using radius;yterface = 15
around each masked
amino acids

Figure 9: We construct
3 types of graphs us-
ing: radiuscomplex_gnn=20 for
the complex AA graph.
radiusps_guy=10 for the en-
coder and decoder AA
graphs. radiusatom_gnn=10 for
atomic graphs.
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Figure 10: A: Number of unique pdb ids where specific molecules appear. 60 random
molecules were shown. Some molecules are more common than others: ex. NAP, DTP,
ACT... B: Number of unique active compounds involved in all instances of individual EC
reactions. Data was generated based on NLDB: a subset of BRENDA. 83.3% of EC reactions
have 4 or fewer active compounds involved in the reaction. C: Number of unique active
small molecules per pdb in NLDB. 97.5% of PDBs have 2 or fewer active compounds.

Table 3: Enzyme dataset sourcesEl
Dataset Nb. PDBids Nb. unique compounds

BRENDA 80.173 =+
NLDB 9.284 466

Algorithm 3: Ligand extraction algorithm

Input :BRENDA PDB ids

Output: Ligand smiles and atom coordinates

For each chain in PDBParser main chains: extract amino acid sequence as
main_component, and consider the rest as molecules (filter for ions and amino acids)

Merge all main_components

For all other chains: Construct a connectivity matrix of length: len(ligands)+1 (index0
is the main component)

Fix CONECT lines in the pdb

Get all covalent connections from the connect statements

Iteratively aggregate connected components together

Independent components are considered ligands

Extract smiles from pdb block

Compare smiles to the natural canonical smiles to reorder atoms

N.B.: Algorithm 3 reaches 70% accuracy when comparing the extracted ligands to the
active compounds stated in NLDB.

3We used BRENDA, which doesn’t contain ligand information, for constructing our training
dataset, and NLDB to extract statistics and validate our ligand extraction algorithm.
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EC Number distribution in BRENDA
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Figure 11: Distribution of simplified EC numbers (x.y.*.* example: 1.2) in BRENDA. Counts

were clipped to 9000 for a simplified visualization.
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Figure 12: Visualization of the Tanimoto similarity-based clustering (30% threshold) of the
BRENDA dataset. The biggest component is shown in the center, and edges denote pdb

FROTOPORPHYRIN IX

ids connections (chains in clusters appearing in the same pdb)

Table 4: Splits train/val/test partitions

{

ADP
ADENOSINE-5-DIPHOSPHATE

Dataset Tain  Validation  Test
Protein-Protein MMseqs  133.984 6.799 6.063
Enzyme MMseqs 47.531 2.355 1.415
Enzyme Tanimoto 46.735 2.060 2.506
Enzyme EC nb. 43.835 3.093 4.373
HSRN SAbDab 2.820 188 79
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Figure 13: Visualization of the MMseqs similarity-based clustering (30% threshold) of the
BRENDA dataset. The biggest component is shown in the center, and edges denote pdb
ids connections (chains in clusters appearing in the same pdb)
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