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Three Common Molecular Descriptors for Machine Learning
Characteristics of Three Essential Molecular Descriptors in Electron- and Atom-Level Information
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Time complexity of standard quantum
mechanical calculation methods

However, acquiring electron-level information is expensive 
and sometimes infeasible in real-world chemical applications.

Electron-level information is an essential feature describing the nature of molecules.



Basic Assumptions on Atom-level Methods (1 & 2)Pros and Cons of Existing Methods
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(Electron-level) Domain-specific neural networks with quantum 
mechanical calculations [6, 7]

§ Pros: High accuracy, Interpretability
§ Cons: High cost, Generality

2 (Atom-level) 3D GNNs with public quantum mechanical 
datasets [3, 4, 5]

§ Pros: High accuracy
§ Cons: High cost

3

(Atom-level) 2D GNNs with 2D atom-level molecular structure [1, 2]
§ Pros: Low cost, Practicality, Generality
§ Cons: Low accuracy, Interpretability

§ Assumption: Atom-level molecular structure is sufficient to 
embed the electron-level information

§ However, electrons have uncertainty à Describing 
electron-level information using only atom-level descriptors 
is not accurate and chemically valid

Limitations of Existing Methods
Basic Assumptions on Molecular Representation Learning and Its Limitations
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Machine 
Learning 

Model

Target molecular property
(e.g., Lipophilicity, Aqueous 

solubility, Toxicity)
2D molecular structure

(SMILES)No quantum 
mechanical calculations

§ We reformulated the molecular property prediction problem based on decomposed substructures.

𝑦 = 𝑔(𝐺)
Problem

reformulation • 𝐺 : Atom-level 2D molecular structure (e.g., SMILES)
• 𝜀%: Electron-level information of the 𝑘-th substructure
• ℎ : Learnable embedding function for 𝜀%

Original 
problem

𝑦 = (𝑔 ∘ ℎ)(𝜀!, 𝜀"… , 𝜀#)
Reformulated 

problem

Molecular Representation Learning for Real-World Applications
Molecular Representation Learning Methods for Complex and Large-Scale Molecules in Real-World Chemical Applications

§ Our work: Molecular representation learning method that can estimate electron-level information from atom-level 2D molecular structures 
without expensive quantum mechanical calculations 
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1 The input atom-level 2D molecular structure is decomposed into atom-level substructures 𝑆!, 𝑆", … , 𝑆&.

2 Electron-level information in readily accessible public databases (e.g., QM9) [8] is assigned to 𝑆!, 𝑆", … , 𝑆&.

3 Joint representation learning is conducted on the input molecular graph 𝐺' and electron-informed subgraphs 𝐺!, 𝐺", … , 𝐺&.

The Overall Representation Learning and Prediction Processes of HEDMoL

HEDMoL: Hierarchical Electron-Derived Molecular Learning
Electron-Informed Coarse-Graining Molecular Representation Learning for Predicting Experimentally-Measured Molecular Properties
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Loss Function of the Training Process

Prediction error Regularization terms

Energy-Based Physical Consistency
𝐸(,%: Ground-truth physical energy of 𝑆% with uncertainty 𝜖% (Retrieved from DB)
1𝐸',%: Predicted energy from atom-level graph embedding of 𝑆%
1𝐸),%: Predicted energy from electron-informed embedding of 𝑆%

§ This constraint enforces the graph embeddings of 𝐺' and 𝐺) to represent the same potential energy, which is essential information in 
describing molecules.

𝑓): Learnable energy function
𝑔):GNN encoder
𝑔)(𝑆%): Atom-level graph embedding of 𝑆%
𝐇),%: Electron-informed embedding of 𝑆%
𝛼: Margin

Energy-Based Physical Consistency Regularization
Training Objective of HEDMoL With Energy-Based Physical Consistency Regularization for Robust Molecular Representation Learning

,𝐸$,&

,𝐸',&
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Gyoung S. Na and Chanyoung Park, ACM SIGKDD Conference on Knowledge Discovery and Data Mining, 2025.
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Benchmark Molecular Datasets for Experimental Evaluations

§ We conduct experimental evaluations on eight benchmark molecular 
datasets.

§ We focus on experimentally-collected data in real-world chemical 
experiments.

Competitor Methods in Three Different Approaches

1 Tree-based methods: XGB-Mor, XGB-FC, XGB-MK!

2 3D GNNs: SchNet, DimeNet, PhysChem, M3GNet, FAENet"

3 2D GNNs: GATv2, GIN, EGC, MPNN, UniMP, FiLM, MEGNet, DMPNN, AttFP
!We used Morgan, functional-class, and MACCS Key fingerprints.
"We employed force-field-based semi-empirical method to generate 3D structures in feasible time.

Implementation Notes

§ GNN for 𝐺': Efficient graph convolution (EGC) [9] 
or SchNet [10]

§ GNN for 𝐺) : Graph isomorphism network (GIN) [11]
§ Graph decomposition: Junction tree algorithm [12]

Experiment Settings
Experimental Evaluations on Real-World Benchmark Molecular Datasets

Source code: https://github.com/ngs00/hedmol

Instances
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§ HEDMoL achieves state-of-the-art accuracy in predicting molecular properties on the eight benchmark molecular datasets (Metric: 𝑅").
§ Although AttFP was designed for drug-like molecules, HEDMoL outperforms AttFP in the physicochemistry datasets (Lipop, ESOL, ADMET).
§ Accuracy improvements are remarkable on the LC50, LD50, LMC-H, and LMC-R datasets (Large molecules).

Prediction Accuracy on Experimental Molecular Datasets
Characteristics of Three Essential Molecular Descriptors in Electron- and Atom-Level Information

Large 
molecules
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§ Lack of training data is one of the main challenges of machine learning in chemical applications [13].
§ We measure the prediction accuracy for different training data sizes on the benchmark molecular datasets.
§ HEDMoL is relatively robust to the size of the training data and achieves state-of-the-art accuracy for most settings.

Prediction Accuracy on Small Training Datasets
Prediction Accuracy of HEDMoL for Different Volumes of Training Datasets
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§ The quality of the external calculation database in the knowledge extension step is a crucial factor in the prediction accuracy of HEDMoL.
§ We construct the external database from the QM9 dataset by extracting small molecules composed of six or fewer atoms.
§ HEDMoL is robust to the size of the external database.

Prediction Accuracy for Different External Calculation Databases
Experimental Evaluations on Prediction Accuracy of HEDMoL for Different Volumes and Diversities of External Calculation Databases

A subset of QM9 (molecules with six or fewer atoms) 
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GNN

GNN

Atom-level 2D
molecular graph: 𝐺'

Knowledge 
extension (KE)

Target molecular
property: 𝑦

Hierarchical representation 
learning (HRL)

Physical consistency 
regularization (PCR)

Electron-derived
Substructure graph: 𝐺)

Ablation Studies
Ablation Studies to Evaluate Effectiveness of Each Module in HEDMoL

§ EGC and GIN: Baseline 2D GNNs that predict 𝑦 from 𝐺'.
§ EGC and GIN show significantly low prediction accuracy because they are solely based on the atom-level 2D structures.



§ KE: Predicts 𝑦 from the molecular embeddings of both branches (atom-level and electron-level)
§ KE shows consistent accuracy improvements for all benchmark datasets.
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Target molecular
property: 𝑦

Ablation Studies
Ablation Studies to Evaluate Effectiveness of Each Module in HEDMoL



§ KE+HRL: Employs KE and HRL in molecular representation learning.
§ KE+HRL shows marginal accuracy improvements over KE.
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Ablation Studies
Ablation Studies to Evaluate Effectiveness of Each Module in HEDMoL



§ KE+PCR: Utilizes PCR in molecular representation learning processes of individual EGC and GIN.
§ The performance turns out to be similar to that of KE+HRL.
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Ablation Studies
Ablation Studies to Evaluate Effectiveness of Each Module in HEDMoL



§ HEDMoL, which implements all modules, outperformed the baseline methods and ablation models.
§ The evaluations results of the ablation study empirically demonstrated the effectiveness of each module in HEDMoL.

GNN

GNN

Atom-level 2D
molecular graph: 𝐺'

Knowledge 
extension (KE)

Target molecular
property: 𝑦

Hierarchical representation 
learning (HRL)

Physical consistency 
regularization (PCR)

Electron-derived
Substructure graph: 𝐺)

11

Ablation Studies
Ablation Studies to Evaluate Effectiveness of Each Module in HEDMoL



12

§ We propose HEDMoL for learning electron-derived molecular representations of real-world molecules.
§ We develop a decomposition-based information retrieval process to generate electron-informed molecular graphs without quantum 

mechanical calculations.
§ HEDMoL replaces an expensive and labor-intensive quantum mechanical calculations with an efficient and data-driven algorithm.

Quantum mechanical calculation
(expensive, labor-intensive)

Molecular descriptor 
algorithm

Prediction model

Graph decomposition + Information retrieval
(efficient, data-driven)

≈

Conventional approach in physical chemistry

Our Proposed Framework (HEDMoL)

Conclusion



• Contact: cy.park@kaist.ac.kr
• Lab homepage: https://dsail.kaist.ac.kr/

Conclusion

Thanks for your attention!
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