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Motivation & Background Experimental Results

The SPiCE Architecture

TL;DR: SPiCE (Symmetry-Preserving Conformer Ensemble Networks) maintains joint equivariance to conformer permutations and  Main Results

geometric transformations, enabling physically meaningful molecular representations without alignment

Why Conformer Ensembles?
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SPIiCE processes conformer ensembles through H-equivariant interaction blocks composed of: (1) shared 3D GNN encoding, (2)
Geometric Mixture-of-Experts (GMoE), and (3) hierarchical ensemble encoding with cross-conformer integration

Molecular Topology Representations Observations:

= SOTA across 34/36 configurations

* Regression (Drugs-7.5K, Kraken): 3-9% MAE improvements
over the best baselines

* Classification (CoV2, CoV2-3CL): High ROC-AUC and robust

to severe class imbalance

Represent molecular topology of each molecule as G = (V, &, X)

Benchmark Datasets & Tasks

Key Components

=) = {vi}ﬁ‘l: Atom indices
« £ C YV x V: Chemical bonds
- X € RVIXdv: Node attributes

Geometric Mixture-of-Experts (GMoE)

e Monodentate organophosphorus
ligands

e Targets: Sterimol B;/L and buried
B:/L descriptors for catalysis

e Diverse drug-like molecules

e Targets: lonization Potential (IP),
Electron Affinity (EA), and
electronegativity (y) with Mean

* Weight-tied scalar (type-0) and vector (type-1) branches

preserve symmetry across conformers
Conformer Ensemble Representations
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* Overall requirement: Functions equivariant to the product
group H =5, x G"

= 5,. Permutation symmetry over conformers

* Hybrid node embeddings retain scalar (type-0) and vector

_ _ = Cross-attention between conformer features and the GIN
(type-1) channels across interaction blocks

summary enables selective information flow across the ensemble

0.4818

Full SPiCE model
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Performance (MAE)

= Operating on each conformer separately yields .S,,-equivariant

S T = Gated updates maintain the joint symmetry while integrating
outputs, and the equivariant backbones ensure (G"-equivariance

conformer-level and molecule-level information

* (: Independent geometric transforms (e.g., E(3)) per conformer
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