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Molecular representation learning

* MRL connects the chemical space and machine learning by
learning meaningful molecular representations

* Current approaches: 1D/2D/3D models with efficiency vs.
expressivity tradeoffs
e 1D/2D useful without 3D structural info, more efficient
* 3D captures key geometric effects but more computationally expensive
* Key limitation: Most models treat molecules as rigid, static objects
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The reality: Molecules are dynamic

* Molecules are not rigid objects but are flexible structures

* Molecules continuously interconvert between these conformers by
rotations around bonds and vibrational motions

* Many properties depend on conformer ensembles, not single
structures:
* Protein-ligand binding: Conformational selection

* Reaction mechanisms: Accessibility of geometric
configurations

* Drug activity: Distribution over accessible states

Video from
https://www.drugdesign.org/chapters/

molecular-geometry/#conformers
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Modeling conformer ensembles

* Question: Does explicitly encoding conformer
ensemble improve MRL models compared to
using only a single conformation?

* We developed the first Molecular Conformer Ensemble Learning
(MARCEL) benchmark
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Y. Zhu et al., Learning Over Molecular Conformer Ensembles: Datasets and Benchmarks, in ICLR 2024
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Our work: SPICE

* SPICE: Symmetry-Preserving Conformer Ensemble Networks
* Key design: Joint S, x G" equivariance

* S,: Conformer permutation

 G": Geometric equivariance (e.g., rotation/translation)
* Novel components:

* Geometric Mixture-of-Experts (GMoE): Separate routing for scalar vs.
vector features

* Hierarchical ensemble encoding: 2D+3D integration with cross-
conformer attention

* No alignment required: Processes raw conformer coordinates directly
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SPICE architecture overview

Conformer Ensembles

¢

H-Equivariant
Interaction Block

STt

Shared Conformer Encoding T
o I L
e G )
T, ! : v
3BDGNN || |3DGNN || D
v ! v I
GMoE |' 1| GMoE |1 | GNN
e e e
Cross-Conformer Integration ]

3upoour ajquiasuy

Conformer-Level
Pooling

|

Molecule-Level
Pooling

|

Prediction Head

(a) Overall pipeline

November 4, 2025

(b) H-Equivariant Interaction Block
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H-equivariant interaction blocks

* H-equivariant interaction blocks
* Inspired by DSSNet [Maron et al., 2020]

* Jointly preserve permutational equivariance

and rotational/translational equivariance (

Cross-Conformer Integration

* Components:
* Shared conformer encoding (weight-tied 3D GNNSs)
* Geometric Mixture-of-Experts (GMoE)
* Ensemble encoding (2D GNN)
* Cross-conformer integration (gated attention)

H. Maron et al., On Learning Sets of Symmetric Elements, in ICML 2020
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Geometric Mixture-of-Experts (GMoE)

Vector Features

e Different atoms and structural features need Scaler Features
specialized processing for different properties

* Key design:
* Separate routing for scalar (type-0) vs. vector

(type-1) features
* |nvariant experts (IE): Process scalar features via MLPs
Invariant Expert (IE)  Equivariant Expert (EE)

* Equivariant experts (EE): Process vector features via -m
gated linear transformations T A [%] e
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* Router design: GCN-based (scalar) + inner

product (vector)
* Top-k selection with Gumbel-Sigmoid sampling
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Model scaling

* Data size scaling:
* Linear improvement from 7.5Kto 75K molecules
* MAE reduction from 0.4929 to 0.4386
 Shows SPICE effectively leverages additional
training data without hitting capacity limits
* Training stability:
* Consistent optimization patterns across dataset
sizes

* Demonstrates stable learning behavior suitable for
varied data regimes
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Key takeaways

* Technical contributions:
* Maintains valid geometric symmetries throughout
* Works with any equivariant 3D GNN
* GMoE enables specialized feature handling
* Hierarchical encoding captures ensemble relationships

* Future directions:
* Incorporate thermodynamic priors and statistical mechanical principles

* Extend to larger molecular systems and protein conformational
ensembles

* Develop more efficient attention mechanisms for real-time applications
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