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Pre-training on noncovalent interactions in synthetic protein-ligand structures to
better predict binding affinity
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Abstract

Accurate prediction of protein-ligand binding
affinity is a central challenge in computational
drug discovery, yet existing graph neural network
approaches typically represent protein-ligand
complexes as homogeneous atom-level graphs,
neglecting the role of aromatic ring systems and
the rich hierarchy of noncovalent interactions
that govern binding. In this work, we introduce
the Protein-Ligand Interaction Pre-training
or PLIP approach, a heterogeneous equivariant
graph transformer that explicitly encodes four
node types - ligand atoms, protein atoms, ligand
rings, and protein rings connected by interaction-
specific edge relations such as hydrogen bonds,
hydrophobic contacts, π-π stacking, and cation-π
interactions. We pre-train on interactions found
in 5.1 million synthetic protein-ligand structures
from the Structural and Interaction Repository
(SAIR) using a multi-task self-supervised objec-
tive comprising interaction-type classification, in-
teratomic distance regression, and binding affinity
prediction. Systematic evaluation on four drug tar-
gets - acetylcholinesterase (AChE), SARS-CoV-2
main protease (SARS-Mpro), Zika protease, and
µ-opioid receptor - demonstrates that multi-task
pre-training on all three pre-training objectives
(interaction type, distance, and affinity) achieves
Pearson correlations of 0.667 on AChE (+26%
over training from scratch), 0.490 on Zika (+6%),
0.374 on µ-opioid receptor (+32%), and 0.255
on SARS-Mpro (+39%). Comparisons against
competing baselines demonstrate the benefits of
pre-training on protein-ligand interactions for
structure-based binding affinity prediction.

1Anonymous Institution, Anonymous City, Anonymous Region,
Anonymous Country. Correspondence to: Anonymous Author
<anon.email@domain.com>.

Submitted to the AI for Science workshop (ICML 2026). Do not
distribute.

1. Introduction
Structure-based prediction of protein-ligand binding affinity
is fundamental to rational drug design, virtual screening,
and lead optimization (Li et al., 2019; Volkov et al., 2022).
Classical scoring functions decompose binding into physics-
based energy terms (Gohlke et al., 2000) or empirically
fitted linear models (Wang et al., 2004), but they strug-
gle to capture the complexity of protein-ligand interactions.
Machine learning approaches, particularly graph neural net-
works (GNNs) and equivariant graph neural networks (EG-
NNs), have emerged as powerful alternatives by learning
representations directly from atomic coordinates (Torng &
Altman, 2019; Lim et al., 2019; Jiang et al., 2021). Methods
such as Edge-enhanced Interaction Graph Network or EIGN
(Yang et al., 2025) use a graph isomorphism network (GIN)
to propagate atom-level messages, while Protein-Ligand
Binding Affinity Prediction using a Novel Interaction-Based
Graph Neural Network Framework or PLAIG (Samudrala
et al., 2025) augments GNN architectures with interaction
features derived from BINANA analysis (Durrant & Mc-
Cammon, 2011). There have also been recent efforts in
3D-based atomic neural networks to learn from multiple
docked poses (Shim et al., 2022; Kim et al., 2025).

Current graph-based models treat the protein-ligand com-
plex as a homogeneous graph of atoms, discarding the chem-
ical hierarchy in which aromatic rings mediate critical non-
covalent interactions such as π-π stacking and cation-π
contacts (Hunter & Sanders, 1990; Ma & Dougherty, 1997).
Second, although self-supervised pre-training has yielded
dramatic improvements in natural language processing and
computer vision, its application to modelling protein-ligand
binding remains limited (Gorantla et al., 2025; Li & Gong,
2025). A potential reason is that there is a lack of a large
corpus of protein-ligand complexes that could be used in
the pretraining. However, this has started to change with the
advent of AI biomolecular structure prediction models such
as AlphaFold (Jumper et al., 2021), Boltz (Wohlwend et al.,
2024), and OpenFold (Ahdritz et al., 2024). Such tools
could be used to generate structures based on sequence data
already publicly available. One such effort, which resulted
in a large dataset of 5 million Boltz 1x-generated structures,
is the Structural and Interaction Repository (SAIR) (Lemos
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et al., 2026). Next, existing pretraining strategies for binding
affinity prediction often operate on two-dimensional molecu-
lar graphs or SMILES strings (Hu et al., 2020; Chithrananda
et al., 2020; Gorantla et al., 2025; Yi et al., 2026) rather than
on the three-dimensional protein-ligand structures, which
may limit the richness of the input representation. It may be
more straightforward and interpretable to operate on three-
dimensional structures when modelling binding. Thirdly,
atom-level featurization in most models is limited to one-
hot encodings of element type, ignoring the local three-
dimensional chemical environment that modulates reactivity
and binding.

In this work, we address these gaps through the following
contributions:

1. Heterogeneous graph representation with explicit
ring nodes. We construct protein-ligand interac-
tion graphs with four node types (ligand atoms, pro-
tein atoms, ligand rings, protein rings) connected by
interaction-specific edge relations (hydrogen bonds,
hydrophobic contacts, π-π stacking, cation-π, π-metal,
and ring membership) using the Open Drug Discovery
Toolkit (Wójcikowski et al., 2015) or ODDT.

2. Multi-task self-supervised pretraining on 5.1 mil-
lion structures. We build our PLIP approach on the
Structural and Interaction Repository (SAIR) with a
joint objective comprising interaction-type classifica-
tion, interatomic distance regression, and binding affin-
ity prediction to learn rich, transferable representations
of protein-ligand interactions.

3. Atomic environment featurization. We adapt the
atomic environment vector (AEV) featurization based
on radial symmetry functions over 22 chemical species
(Smith et al., 2017a; Valsson et al., 2025), capturing
the local three-dimensional neighborhood of each atom
within a spherical radius cutoff of 5.0.

4. Systematic evaluation across four drug targets. We
evaluate PLIP on four therapeutically relevant targets -
AChE, SARS-Mpro, Zika protease, and µ-opioid recep-
tor -spanning diverse dataset sizes (606 to 7,108 affinity
measurements as seen in Table 1) using a novel robust
splitting strategy called PLEC-Butina, and compare
against EIGN and PLAIG baselines.

2. Methodology
Given a protein-ligand complex with three-dimensional
atomic coordinates, we aim to predict the binding affinity
y ∈ R (expressed as pIC50). We represent the complex as a
heterogeneous graph G = (V, E , TV , TE) where V is the set
of nodes, E the set of edges, TV a set of node types, and TE

a set of edge (relation) types. Each node v ∈ V carries a fea-
ture vector xv ∈ Rdτ(v) (where τ(v) ∈ TV is the node type
and dτ(v) is the type-specific feature dimension) and a three-
dimensional position pv ∈ R3. Each edge (u, v, r) ∈ E has
a relation type r ∈ TE and has an attribute vector encoding
the interaction type and interatomic distance.

2.1. Heterogeneous Graph Construction

We construct the heterogeneous protein-ligand interaction
graphs from a three-dimensional structure (PDB or mmCIF
format) through the following pipeline.

Node extraction. We define four node types: ligand atom,
protein atom, ligand ring, and protein ring. Atom nodes are
extracted directly from the parsed structure and carry three-
dimensional Cartesian coordinates. Ring nodes are derived
from the smallest set of smallest rings (SSSR) computed
via Open Babel, (O’Boyle et al., 2011) with positions set
to the arithmetic mean of the Cartesian coordinates of their
constituent atoms, pring = 1

|R|
∑

i∈R pi, where R is the set
of atoms in the ring.

Edge construction and interaction fingerprinting. We
compute noncovalent interactions using the Open Drug Dis-
covery Toolkit (ODDT) (Wójcikowski et al., 2015) with a
distance cutoff of 5.0 Å. This yields eight interaction types
or classes: hydrogen bond, hydrophobic, salt bridge, π-
stack, cation-π, π-metal, metal coordination, halogen bond.
We also define a 9th class called close-contact, which de-
scribes an edge between a protein atom and a ligand atom
where no noncovalent interaction exists, but they are within
5.0 Å of each other.

Therefore, each atom-atom edge carries a 10-dimensional
attribute vector: a 9-dimensional multi-hot encoding of the
interaction type concatenated with the pairwise Euclidean
distance. To focus computation on the binding interface, we
retain only ligand atoms within 5.0 Å of any protein atom,
along with all protein atoms and ring nodes involved in at
least one interaction, ensuring every node has degree ≥ 1.

2.2. Atomic Environment Vectors

To capture the local three-dimensional chemical environ-
ment, we adapt the (Atomic Environment Vector featurisa-
tion, a 352-dimensional descriptor based on radial symme-
try functions (Behler, 2011; Smith et al., 2017b). For each
atom i in the joint protein-ligand complex, the radial AEV
component for chemical species s and radial basis index k
is:

G
(rad)
k,s (i) =

∑
j ̸=i

dij<rc

fc(dij)·exp
(
−ηr (dij −Rs,k)

2
)
·δ(sj , s)

(1)
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Hetero-Equivariant
Backbone

Distance 

Unlinked NS2B-NS3 Protease from Zika Virus 
in Complex with Inhibitor MI-2227

Pre-training phase

Fine-tuning phase

Transfer Learning

Pretrained Backbone

Interaction type
classification

Binding affinity

Binding affinity

Figure 1. An overview of the PLIP framework. Here, inhibitor MI-2227 is bound to the NS2B-NS3 protease from Zika virus (pdbid:
7ZYS)

where dij = ∥pi − pj∥ is the interatomic distance, fc is a
cosine cutoff function:

fc(r) =

{
1
2

[
cos

(
πr
rc

)
+ 1

]
r < rc

0 r ≥ rc
(2)

rc = 5.0 Å is the cutoff radius, ηr = 19.7 is the radial width
parameter, Rs,k are 16 radial shift values uniformly spaced
from 0.80 Å to 4.83 Å, and δ(sj , s) is the Kronecker delta
selecting neighbors of species s.

We define 22 chemical species spanning the elements most
commonly encountered in protein-ligand complexes: H, B,
C, N, O, F, Na, Mg, Si, P, S, Cl, K, Ca, Mn, Fe, Co, Ni,
Cu, Zn, Br, and I. The total AEV dimensionality is thus
22 × 16 = 352. For computational efficiency, neighbor
search is performed using a k-dimensional tree, avoiding
O(N2) pairwise distance computation on large proteins.

2.3. Hetero-Equivariant Backbone

The PLIP backbone processes the heterogeneous graph
through three stages: type-specific embedding, node unifi-
cation, and a stack of transformer layers.

Type-specific embedding. Each node type τ has a ded-
icated linear projection h

(0)
v = Wτxv + bτ mapping the

type-specific input dimension dτ to a shared hidden dimen-
sion dh (default 256), followed by per-type layer normal-

ization. After embedding, all node types are concatenated
into a single feature matrix H(0) ∈ RN×dh (where N is the
total number of nodes) with a unified index space.

2.4. Prediction Heads

PLIP uses the following three prediction heads operating
on the backbone’s output representations to pre-train on the
interaction-type, distance, and affinity.

Interaction-type head. A three-layer multi-layer percep-
tron or MLP classifies each positive edge into one of nine
interaction types. The loss is cross-entropy with the close-
contact class (index 8) masked, as close contacts dominate
the edge distribution but carry limited physicochemical in-
formation. Close-contact edges remain in the graph for
message passing.

Distance head. A three-layer MLP regresses the pairwise
Euclidean distance of each edge, trained with mean squared
error loss.

Affinity head (molecule-level label). A three-layer MLP
predicts a per-complex binding affinity from the mean-
pooled node embeddings. For complexes with multiple
docked poses, an attention-based pooling module computes
per-pose attention scores via a two-layer network, normal-
izes them with softmax over poses of the same complex,

3
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and produces the complex-level prediction as the attention-
weighted sum of per-pose affinities:

ŷcomplex =
∑

g∈poses

exp(sg)∑
g′ exp(sg′)

· ŷg (3)

where sg is the attention score for pose g. The loss is the
mean squared error between the complex-level prediction
and the experimental affinity label.

2.5. Interaction-Aware Cross-Validation: PLEC-Butina
Split

All downstream experiments use 10-fold cross-validation
with our novel PLEC-Butina clustering, which is an
adaptation of the Butina clustering (Butina, 1999) for
protein-ligand extended connectivity fingerprints or PLEC
(Wójcikowski et al., 2019) to partition the protein-ligand
pairs into separate splits or folds such that there is no leakage
in terms of the interaction motifs appearing across splits. A
high PLEC similarity between two complexes would mean
similar binding contacts, and we want to avoid that across
splits.

For each protein-ligand complex, we compute a 65,536-bit
PLEC fingerprint using the ODDT toolkit (Wójcikowski
et al., 2015) with a distance cutoff of 5.0 Å. The PLEC
encodes the local protein-ligand interaction environment
at each contacting atom pair, producing a binary vector
fi ∈ {0, 1}65536. Then, we measure the overlap of protein-
ligand interaction patterns between all pairs of complexes
using the Jaccard similarity on their PLEC bit vectors:

J(fi, fj) =
|fi ∩ fj |
|fi ∪ fj |

=

∑
b fi,b · fj,b∑

b fi,b +
∑

b fj,b −
∑

b fi,b · fj,b
(4)

yielding a symmetric similarity matrix S ∈ [0, 1]N×N . A
high value J(fi, fj) ≈ 1 indicates that compounds i and j
are in contact with the same protein residue environments
through the same types of local contacts.

We set a PLEC similarity threshold θ of 0.25. The Butina
algorithm clusters complexes by interaction similarity in a
greedy fashion. This produces M clusters {C1, . . . , CM} of
varying sizes, where compounds within each cluster share
similar protein-ligand interaction patterns.

3. Related Work
Structure-based scoring functions. Traditional scoring
functions for binding affinity prediction fall into three cat-
egories: physics-based methods that compute force-field
energies (Kollman et al., 2000), knowledge-based poten-
tials derived from crystallographic statistics (Gohlke et al.,
2000), and empirical scoring functions that fit weighted
energy terms to experimental data (Wang et al., 2004).

Graph neural networks for molecular property predic-
tion. GNNs have become the dominant paradigm for learn-
ing from molecular structure (Gilmer et al., 2017). For
protein-ligand binding affinity, approaches range from atom-
level message passing on contact graphs (Torng & Alt-
man, 2019; Lim et al., 2019) to methods that incorporate
interaction fingerprints (Wójcikowski et al., 2019). EIGN
(Jiang et al., 2021) employs a GIN backbone (Xu et al.,
2019) on protein-ligand contact graphs, while PLAIG in-
tegrates BINANA-derived interaction features (Durrant &
McCammon, 2011) into a GNN framework. However, these
methods represent the complex as a homogeneous atom-
level graph and do not distinguish between different types
of noncovalent interactions at the architectural level.

Self-supervised pretraining for molecules. Pretraining
strategies for molecular representations include masked
atom prediction, (Hu et al., 2020) contrastive learn-
ing, (Wang et al., 2022) and denoising objectives (Zaidi
et al., 2023). Most approaches operate on two-dimensional
molecular graphs or SMILES strings (Chithrananda et al.,
2020). For protein-ligand interactions, pretraining on three-
dimensional structures remains limited, with notable excep-
tions including EquiBind (Stärk et al., 2022) and Uni-Mol
(Zhou et al., 2023). PLIP extends this line of work by
pretraining on 5.1 million protein-ligand structures with a
multi-task objective that simultaneously learns interaction
types, distances, and affinities.

4. Experimental Setup
4.1. Datasets

SAIR pretraining corpus. The Structural and Interaction
Repository (SAIR) contains 5.1 million protein-ligand com-
plex structures spanning approximately 1,000 unique protein
targets. Each complex is processed into a heterogeneous in-
teraction graph as described in Section 2.1. Binding affinity
labels are available for a subset of complexes and are used
in the affinity pretraining objective. In SAIR, Boltz-1x is
used to generate 5 structures (of varying confidence scores)
for each unique protein-ligand pair from BindingDB (Liu
et al., 2024) and ChEMBL35 (Zdrazil et al., 2023). About 1
million such unique pairs and their relevant bioactivity data
were extracted. We perform pretraining on the following
three subsets of SAIR:

• All: All structures in SAIR that pass every PoseBusters
check. PoseBusters provides a reliable filter for physi-
cal validity, ensuring we pretrain only on geometrically
plausible structures. This yields 5,177,259 structures.

• Best: From the All subset, we retain only the highest-
confidence structure per protein-ligand complex, using
the confidence scores produced by Boltz-1x. This se-
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lects the most reliable prediction for each complex and
results in 1,030,067 structures.

• Best Positive: From the Best subset, we further discard
structures with pIC50 < 6.0, retaining only complexes
that exhibit moderate binding affinity. This avoids
training on weakly-binding complexes that Boltz-1x
has nonetheless modelled as bound. The resulting
subset contains 699,838 structures.

Downstream target datasets. We evaluate on four ther-
apeutically relevant targets spanning a range of dataset
sizes and biological contexts. These downstream target
datasets represent a selected subset of our in-house virtual
high-throughput screening benchmark effort built around
curated experimental pIC50 labels, target-specific evalua-
tion settings, and standardized structure-based inputs. Re-
ceptor structures were generated from protein sequences
using AlphaFold3 (Abramson et al., 2024), and protein-
ligand docked poses were subsequently prepared with an
AutoDock Vina docking workflow (Eberhardt et al., 2021).
The datasets are as follows:

• Acetylcholinesterase (AChE) is an enzyme critical for
the termination of nerve impulse transmission at cholin-
ergic synapses, and a primary target for Alzheimer’s
disease therapeutics (Soreq & Seidman, 2001). We
process the AChE inhibition data curated by Vignaux
et al. (2023).

• SARS-CoV-2 main protease (SARS-Mpro) catalyzes
the proteolytic processing of viral polyproteins essen-
tial for SARS-CoV-2 replication (Dai et al., 2020).
The dataset contains 3,799 affinity data points (Shim
et al., 2022). This target has been central to integrated
computational-experimental discovery pipelines (Lau
et al., 2021).

• Zika protease is a flaviviral NS2B-NS3 protease essen-
tial for Zika virus replication (Phoo et al., 2016). This
dataset is notable for its five distinct protein structures
(Table 1), which have slight conformational differences
in NS2B positioning, providing some structural diver-
sity (Braun et al., 2020; Ranganath et al., 2026).

• µ-Opioid receptor is a G protein-coupled receptor that
mediates the analgesic and addictive effects of opioid
drugs (Manglik et al., 2012). The dataset contains 606
affinity data points (Shim et al., 2024), making it the
smallest of the four datasets.

4.2. Baselines

We compare PLIP with two competing baselines:

Table 1. The four downstream datasets

Dataset #Affinity datapoints Target PDB
IDs

AChE 7,108 4EY4, 6O4W
µ-Opioid 606 8EF5, 8K9K

SARS-Mpro 3,799 6LU7, 6Y84
Zika 1,976 6KK4, 6Y3B,

7M1V, 7ZPD,
7ZYS

EIGN (Yang et al., 2025) uses a Graph Isomorphism Net-
work (GIN) (Xu et al., 2019) backbone operating on protein-
ligand contact graphs with atom-level nodes. It does not
distinguish interaction types at the architectural level.

PLAIG (Samudrala et al., 2025) augments a GNN architec-
ture with BINANA-derived (Durrant & McCammon, 2011)
interaction features, incorporating handcrafted descriptors
of hydrogen bonds, hydrophobic contacts, and π interactions
as additional edge or graph-level features.

Both baselines are trained and evaluated on each down-
stream dataset using the same cross-validation protocol as
PLIP.

4.3. Implementation Details

PLIP is implemented in PyTorch (Paszke et al., 2019) using
PyTorch Geometric (Fey & Lenssen, 2019) for heteroge-
neous graph operations and PyTorch Lightning for training
orchestration with distributed data parallel (DDP) training
on a single node of four AMD MI300X GPUs. Pretraining
on SAIR uses hidden dimension 256, 6 transformer layers,
8 attention heads, dropout 0.01, batch size 128, learning rate
10−4, and weight decay 10−5 for up to 500 epochs. Down-
stream fine-tuning uses hidden dimension 256, 6 layers, 4
heads, dropout 0.1, batch size 2, and learning rate 10−2 with
weight decay 10−4 for up to 200 epochs. All experiments
use the AdamW optimizer.

SAIR pretraining. Pretraining uses hidden dimension
256, 6 transformer layers, 8 attention heads, dropout 0.01,
batch size 128, and weight decay 10−5 for up to 500 epochs.
Each prediction head receives its own learning rate: back-
bone 3× 10−5, gate head 4× 10−4, interaction-type head
2×10−4, distance head 1×10−5, and affinity head 2×10−4

(hyperparameters were tuned using Optuna (Akiba et al.,
2019)). As established in section 4.1, we pretrain on three
SAIR subsets of increasing selectivity: all, best, and best-
positive. Each subset is pretrained on three target combi-
nations: interaction type; interaction type + distance; inter-
action type + distance + affinity, yielding nine pretrained
checkpoints that are all evaluated downstream. These 9
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checkpoints allow us to analyse the effects of varying the
quality of the structures used in pretraining and various
pretraining targets.

Transfer learning When transferring from a pretrained
checkpoint, only the backbone weights (type-specific em-
beddings, transformer layers, and layer norms) are loaded
into the downstream model; the affinity prediction head is al-
ways initialized from scratch. In scratch mode, no pretrained
checkpoint is loaded. Dataset-specific and mode-specific
hyperparameters (number of layers, heads, dropout, batch
size, learning rate, weight decay) are additionally tuned with
Optuna.

4.4. Verifying data leakage between pretrain and
downstream datasets

Given the possibility that pretraining structures could have
binding-site contacts similar to downstream complexes,
there may be room for implicit information transfer through
learned interaction representations. To quantify the risk of
data leakage from the pre-training phase to the fine-tuning
phase, we performed a cross-dataset similarity analysis of
65,536-bit PLEC fingerprints between SAIR and the four
downstream datasets.

We uniformly sampled 5000 protein-ligand complexes from
the SAIR pretraining corpus, and computed the PLEC fin-
gerprints using the ODDT toolkit (Wójcikowski et al., 2015)
(65,536 bits, 5.0 Å distance cutoff, hydrogen atoms added).
For each downstream dataset, we computed PLEC finger-
prints for 500 randomly sampled complexes.

We then computed the full pairwise Jaccard similarity matrix
J ∈ R500×500 between the SAIR and downstream PLEC
vectors using Equation 4. For each SAIR structure, we
recorded its nearest-neighbor similarity to any downstream
complex: NNi = maxj J(f

SAIR
i , f downstream

j ). Mean pair-
wise Jaccard similarities range from 0.024 (µ-opioid) to
0.036 (SARS-Mpro). This negligible overlap demonstrates
that the SAIR pretraining corpus and downstream datasets
occupy essentially disjoint regions of protein-ligand interac-
tion fingerprint space.

5. Results and Discussion
We aim to understand if PLIP performs better than scratch
which is the first baseline it should outperform and even-
tually we compare it to competing methods from previous
work, namely, EIGN and PLAIG.

5.1. Pretraining benefits over scratch

Figure 3 compares PLIP scratch and finetuning across three
train set sizes. Several patterns emerge. First, pretrain-
ing consistently improves performance over-training from

scratch across all four datasets, with the largest absolute gain
in terms of Pearson correlation (r) on AChE (∆r = +0.082,
a 12% relative improvement from scratch r = 0.676 to
pretrained r = 0.758). A distinctive feature of our ex-
perimental design is the evaluation of three downstream
train sizes-1/3, 2/3, and Full-allowing us to assess how the
volume of training data affects downstream performance
(Figure 3). For AChE, increasing train data produces a
clear monotonic improvement: Pearson r rises from 0.667
(1/3 SAIR) to 0.724 (2/3) to 0.758 (Full), a total gain of
+0.091 (+14%). Zika exhibits a similar monotonic pattern
(0.491 → 0.514 → 0.530), as does SARS-Mpro frozen
(0.251 → 0.271 → 0.281). µ-Opioid is the exception: per-
formance is non-monotonic (0.374 → 0.352 → 0.360),
with the 1/3 subset yielding the highest point estimate. The
small size of this dataset (606 complexes) likely introduces
higher variance. In all cases, finetuning is better than scratch,
suggesting that PLIP is effective in boosting the results
regardless of the downstream train sizes. Also, the im-
provements for scratch across different train sizes are larger
compared to improvements for finetuning across train sizes,
which suggests that pretraining helps reduce the sensitivity
to the amount of downstream train set sizes.

Figure 4 provides a per-checkpoint breakdown across all
nine checkpoints and three downstream train data scales,
showing that the multi-task (interaction type + distance
+affinity or I+D+A) checkpoint on All consistently ranks
among the top configurations. On AChE, the full combina-
tion achieves r = 0.758 with finetune mode, compared to
lower values for partial combinations, demonstrating that
including the affinity prediction objective during pretraining
provides the most significant boost to downstream binding
affinity performance. For frozen fine-tuning, which isolates
the quality of the pretrained backbone, the full multi-task
checkpoint (All/I+D+A) is optimal on AChE, Zika, and
SARS-Mpro, while µ-opioid favors the simpler interaction
type only checkpoint, possibly because distance and affin-
ity objectives are less informative for the limited receptor
conformational diversity of this small dataset.

5.2. Diversity of pretraining set

As noted, we used three pretraining subsets from SAIR: All,
Best and Best Positive. In Figure 4, it can be seen that the
pretraining label combination matters more than the pre-
training subset used. Interaction type, distance, and affinity
(I+D+A), regardless of the pretrain subset, result in the best
performance except for µ-opioid. µ-opioid seems to benefit
the most from pretraining on just the interaction type and
significantly worse performance with checkpoints trained
on I+D+A. Given that µ-opioid is the smallest dataset out of
the four, pretraining on affinities from SAIR, which could
have vastly different proteins and ligands from µ-opioid,
may have affected that checkpoint’s ability from modelling
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Figure 3. Comparison of PLIP-finetuned (bar plots) and PLIP-
scratch (red crosses) on train set sizes scaled from a third, to
two-thirds, to the entire train set for the downstream datasets

the affinities in the µ-opioid dataset.

Across, the three pretraining subsets, there is considerably
smaller differences in performance for the same pretraining
target combination. Thus, a key insight we may gather from
this is that the number of structures do not matter as much
as what the models learn from them. Therefore, given a
number of structures, more emphasis could be placed on
extracting physically rich and accurate properties such as
interaction type, the interaction energy, and even the bond

critical points to pretrain on.

5.3. Comparison with Baselines

Figure 2 compares PLIP against the EIGN and PLAIG base-
lines across all four downstream datasets. PLIP’s explicit
modeling of ring nodes and interaction-typed edges pro-
vides a biologically motivated inductive bias that homoge-
neous atom-level graphs lack. Aromatic rings are central
to many drug-target interactions: π-π stacking, cation-π,
and π-metal contacts are thermodynamically significant yet
geometrically complex interactions that cannot be fully cap-
tured by pairwise atom-level messages alone (Hunter &
Sanders, 1990; Ma & Dougherty, 1997). The advantage of
this representation is evident in the comparison with PLAIG,
which uses handcrafted BINANA interaction features on a
homogeneous graph: PLIP outperforms PLAIG by 28% on
AChE and by 149% on Zika, suggesting that end-to-end
learning of interaction-typed edges within a heterogeneous
architecture is more effective than augmenting a flat graph
with static interaction descriptors.

SARS-Mpro is the only dataset on which EIGN (r = 0.306)
outperforms PLIP (r = 0.281). This target has the narrow-
est pIC50 range among the four datasets (4.00-8.57), leaving
minimal dynamic range for a correlation-based metric. In
this compressed regime, EIGN’s simpler GIN backbone
may learn a more parsimonious mapping that better ex-
ploits the limited affinity variance. Additionally, the rapid
pace of SARS-CoV-2 drug discovery efforts may have in-
troduced heterogeneous data quality in the curated experi-
mental measurements. We note, however, that PLIP exhibits
substantially lower fold-to-fold variance (standard deviation
of 0.011 vs. 0.030), suggesting that its predictive perfor-
mance are more stable even if slightly lower on average.
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Figure 4. Scaling the train set sizes from a third, to two-thirds, to the entire train set for the downstream datasets and comparing to the
scratch performance across all pretraining regimes.

6. Conclusion
We have introduced PLIP, a heterogeneous graph trans-
former for protein-ligand binding affinity prediction that
addresses three key limitations of existing GNN-based ap-
proaches: the lack of explicit ring-level representations, the
absence of large-scale three-dimensional pretraining, and
the use of element-identity-only atom features. Through sys-
tematic evaluation on four drug-discovery-relevant targets,
we demonstrate that (1) heterogeneous graphs with explicit
ring nodes and interaction-typed edges outperform homoge-
neous atom-level graphs, surpassing EIGN and PLAIG base-
lines on three of four targets; (2) multi-task self-supervised
pretraining on 5.1 million SAIR structures consistently im-
proves downstream binding affinity prediction; and (3) a
principled approach to splitting protein-ligand complexes
for binding affinity prediction by clustering PLEC finger-
prints using Butina clustering. PLIP achieves Pearson corre-

lations of 0.758 on AChE, 0.530 on Zika, 0.360 on µ-opioid,
and 0.281 on SARS-Mpro, with cross-fold standard devi-
ations as low as 0.010, offering a principled and scalable
framework for structure-based drug discovery.

Future work could consist of (1) scaling the pretraining
corpus beyond the current 5.1 million structures by ensur-
ing both quality and diversity, (2) applying active learning
strategies to efficiently expand small downstream datasets
such as µ-opioid, and (3) evaluating out-of-distribution gen-
eralization on held-out protein families.
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