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Details of baselines
The following methods are being compared with our PAMNet in experiments:

Small molecule property prediction

• SchNet1 is a GNN that uses continuous-filter convolutional layers to model atomistic systems. Interatomic distances are
used when designing convolutions.

• PhysNet2 uses message passing scheme for predicting properties of chemical systems. It models chemical interactions with
learnable distance-based functions.

• MGCN3 utilizes the multilevel structure in molecular system to learn the representations of quantum interactions level by
level based on GNN. The final molecular property prediction is made with the overall interaction representation.

• PaiNN4 is a GNN that augments the invariant SchNet into equivariant flavor by projecting the pairwise distances via radial
basis functions and iteratively updates the geometric vectors along with the scalar features.

• DimeNet++5 is an improved version of DimeNet6 with better accuracy and faster speed. It can also be used for non-
equilibrium molecular structures.

• SphereNet7 is a GNN method that achieves local completeness by incorporating comprehensive 3D information like distance,
angle, and torsion information for 3D graphs.

RNA 3D structure prediction

• ARES8 is a state-of-the-art machine learning approach for identifying accurate RNA 3D structural models from candidate
ones. It is a GNN that integrates rotational equivariance into the message passing.

• Rosetta9 is a molecular modeling software package that provides tools for RNA 3D structure prediction.

• RASP10 is a full-atom knowledge-based potential with geometrical descriptors for RNA structure prediction.

• 3dRNAscore11 is an all-heavy-atom knowledge-based potential that combines distance-dependent and dihedral-dependent
energies for identifying native RNA structures and ranking predicted structures.

Protein-ligand binding affinity prediction

• ML-based methods include linear regression (LR), support vector regression (SVR), and random forest (RF). These
approaches use the inter-molecular interaction features introduced in RF-Score12 as input for prediction.

• Pafnucy13 is a representative 3D CNN-based model that learns the spatial structure of protein-ligand complexes.



• OnionNet14 is a CNN-based method that generates 2D interaction features by considering rotation-free element-pair contacts
in complexes.

• GraphDTA15 uses GNN models to learn the complex graph and utilizes CNN to learn the protein sequence. We use the
best-performed variant (GAT-GCN) for comparison.

• SGCN16 utilizes atomic coordinates and leverages node positions based on graph convolutional network17.

• GNN-DTI18 is a distance-aware graph attention network19 that considers 3D structural information to learn the intermolecular
interactions in protein-ligand complexes.

• D-MPNN20 is a message passing neural network that incorporates edge features. The aggregation process addresses the
pairwise distance information contained in edge features.

• MAT21 utilizes inter-atomic distances and employs a molecule-augmented attention mechanism based on transformers for
graph representation learning.

• DimeNet6 is a message passing neural network using directional message passing scheme for small molecules. Both
distances and angles are used when modeling the molecular interactions.

• CMPNN22 is built based on D-MPNN and has a communicative message passing scheme between nodes and edges for
better performance when learning molecular representations.

• SIGN23 is a recent state-of-the-art GNN for predicting protein-ligand binding affinity. It builds complex interaction graphs
for protein-ligand complexes and integrates both distance and angle information in modeling.

For small molecule property prediction, we use the baseline results reported in their original works for baselines. For RNA
3D structure prediction, we use the baseline results in8. For protein-ligand binding affinity prediction, we use the baseline
results in23. When performing efficiency evaluation in our experiments, we adopt the public-available implementations of the
related models: For DimeNet and DimeNet++, we adopt the implementation by PyTorch Geometric24 at https://github.com/
rusty1s/pytorch_geometric/blob/73cfaf7e09/examples/qm9_dimenet.py. For SphereNet, we use the official implementation at
https://github.com/divelab/DIG. For ARES, we use the official implementation at https://zenodo.org/record/6893040. For SIGN,
we use the official implementation at https://github.com/PaddlePaddle/PaddleHelix/tree/dev/apps/drug_target_interaction/sign.

Figure S1. Detailed analysis of near-native ranking task on RNA-Puzzles. The results of the lowest RMSD among N
best-scoring structural models of each RNA predicted by each scoring function are compared.
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Model RMSE ↓ MAE ↓ SD ↓ R ↑
SIGN 1.316 (0.031) 1.027 (0.025) 1.312 (0.035) 0.797 (0.012)

PAMNet 1.263 (0.017) 0.987 (0.013) 1.261 (0.015) 0.815 (0.005)

Significance (p-value) 0.0122 0.0156 0.0242 0.0212

Table S1. Statistical significance (p-value) between PAMNet and SIGN on PDBbind. The best results are marked in bold.

Hyperparameters Value
QM9 RNA-Puzzles PDBbind

Batch Size 32, 128 8 32
Hidden Dim. 128 16 128
Initial Learning Rate 1e-4 1e-4 1e-3
Number of Layers 6 1 3
Max. Number of Epochs 900 50 100

Table S2. List of typical hyperparameters used in our experiments.

Detailed Analysis of Near-native Ranking Task on RNA-Puzzles
For each RNA in RNA-Puzzles, we rank the structural models using PAMNet and four baseline scoring functions. For each
scoring function, we select the N ∈ {1,10,100} best-scoring structural models for each RNA. For each RNA, scoring function,
and N, we show the lowest RMSD across structural models in Figure S1). The RMSD results are quantized to determine if each
RMSD is below 2Å, between 2Å and 5Å, between 5Å and 10Å, or above 10Å. From the results, we find that for each RMSD
threshold (2Å, 5Å, or 10Å) and for each N, the number of RNAs with at least one selected model that has RMSD below the
threshold is greater when using PAMNet than when using any of the other four baseline scoring functions.

Statistical significance between SIGN and PAMNet on PDBbind
We use p-value to compute the statistical significance between SIGN and PAMNet on PDBbind. As shown in Table S1, PAMNet
performs significantly better than SIGN on all four metrics with p-value < 0.05.
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