
EDBench: Large-Scale Electron Density Data for Molecular Modeling

Motivation The Designed Benchmark
We define a suite of tasks based on both molecular structures (MS) and ED, focusing 
on three fundamental capabilities:
• Prediction of quantum property: ED5-EC, ED5-OE, ED5-MM, ED5-OCS
• Retrieval between MS and ED: ED5-MER
• Generation of ED based on MS: ED5-EDP

Overview of EDBench
• We introduce EDBench, a large-scale, high-quality dataset of Electron Density 

for 3.3 million molecules, built upon PCQM4Mv2.
• We design a comprehensive benchmark suite with ED-centric tasks (prediction, 

retrieval, generation) to rigorously evaluate model capabilities.
• We show that learning-based methods can calculate ED with comparable 

precision while reducing the computational cost relative to traditional DFT.
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Experiments

Critical Gap in Existing Molecular Machine Learning Force Fields (MLFFs)
• MLFFs focus on learning many-body interactions at the atomic level, including 

one-body (atomic attributes), two-body (interatomic distances), three-body (bond 
angle), four-body (torsions and improper torsions), and five-body interactions.

• They largely ignore the pivotal role of Electron Density (ED), which is the 
fundamental quantity determining all ground-state properties according to the 
Hohenberg-Kohn theorem.

Key Challenge To Advance MLFFs Toward An Electron-Level Understanding
• The lack of large-scale, high-quality ED datasets, which are essential for 

pretraining and could fundamentally reshape the paradigm of MLFFs modeling.
• The absence of an ED-centric benchmark to systematically explore the feasibility 

and effectiveness of ED-based modeling frameworks.
Comparison of various databases in quantum chemistry

Statistical information of 6 designed benchmarks with a scaffold split

Results of EDBench on the Prediction of Quantum Property

Overall, results validate the effectiveness of using ED as a model input and 
demonstrate its utility in capturing physically meaningful patterns.

Results of EDBench on Retrieval Tasks

The retrieval performance on ED5-MER

The strong performance of 
E+P and E+X demonstrates 
their potential for ED-based 
virtual screening and MS-
based electronic-level 
molecular understanding.

• ED5-MER

• ED5-EDP

Results of EDBench on Generation Task

The performance of HGEGNN on the ED generation of the ED5-EDP dataset. The 
unit of Time is second/mol.

The results show that the HGEGNN (i) accurately and efficiently predicts 
ED, (ii) successfully captures key chemical features in high-density 
regions, and (iii) offers a powerful alternative to costly DFT calculations.

Quality analysis of ED outputs from the generation task

The MAE performance on 6 energies from the ED5-EC dataset with ρτ = 0.05

The performance of MAE×100 on 7 orbital energies of the ED5-OE with ρτ = 0.05

The MAE performance on multipole moments from the ED5-MM dataset with ρτ = 0.05

The performance (%) of open/closed-shell prediction on the ED5-OCS dataset with ρτ = 0.05

Visualization of ED

• ED5-EC

• ED5-OE

• ED5-MM

• ED5-OCS

Ablation study on thresholds and sampling points

The average MAE of PointVector on ED5-EC 
generated by DFT and G#{1,2,3}

Ablation results of PointVector on (a) different ED thresholds ρτ and (b) 
different numbers of sampling points ξ

Model-generated ED produces superior 
downstream performance than DFT-
calculated ED. This demonstrates that 
HGEGNN can create high-quality, 
machine-learning-friendly ED data for 
advancing molecular force field models.

Lower Threshold or More Points 
≠ Better Performance. Striking a 
balance between accuracy and 
cost through hyperparameter 
tuning is key.


