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Motivation: The Quantum Chemistry Bottleneck

@ Quantum chemistry simulations are critical for:
Drug discovery

Materials science

Reaction mechanisms

Molecular dynamics
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e Challenge: Self-Consistent Field (SCF) calculations are expensive

> lterative process: 6-30 iterations typical
» Scaling O(N?7) to O(N*)

o Opportunity: Better initial guesses — fewer iterations — faster science
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What is the SCF Problem?

Self-Consistent Field Iteration:
O Initial density matrix P(©)
i ix: F() = ()
@ Build Fock mat'rlx. .F f'(P ' ) o Constraints:
© Diagonalize: F()C() = Ce) » Hermitian
@ Update density: PU+1) = f(C()) > Idempotent
@ Repeat until ’p(i+1) _ p(i)‘ < » Correct electron count

Key Insight:
o Better P(O) — fewer iterations

Typical convergence: 6-30 iterations @ ~1s-1h each = 15-30 seconds/hours
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Initial Guess: Critical for Convergence

Traditional approaches:
@ Core Hamiltonian: Poor guess
@ Hiickel: Limited accuracy

e Superposition of Atomic Densities (SAD): Current gold standard

Can machine learning do better?

@ Learn from millions of converged SCF calculations

@ Capture chemical patterns beyond atomic superposition
@ Challenge: Must match SAD first to be useful
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SAD: The Gold Standard

Superposition of Atomic Densities (SAD)

I:’SAD = Z Patom

atoms

o Advantages:

Extremely fast (database lookup + addition)
Automatically satisfies all constraints

Scales to any system size

Battle-tested

o Limitations:
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> Ignores bonding and molecular environment
» No polarization or charge transfer
» Same guess for benzene and cyclo-hexatriene (same atoms, different bonding)

Our goal: Match SAD performance with a learned model
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Our Approach: Transformer-Based Density Matrix Prediction
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@ Input: Molecular geometry + method + basis

@ Output: Density matrix tiles for diagonal atomic blocks
e Size: Only 3 million parameters (tiny by modern ML standards!)
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Why Transformers for Molecules?

Parallel Attention Mechanism GPU-Friendly Operations
@ Process all atoms simultaneously @ Dense matrix multiplications
@ No sequential bottlenecks @ RoPE-3D: Rotary position encoding
@ Batch multiple molecules efficiently @ Minimal branching logic
°

@ 4-head attention, 256 hidden dim JAX/Flax implementation

Result: Architecture naturally maps to parallel hardware
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Physics-Informed Inductive Biases

We don’t just use standard transformers — we inject physics:
@ Multipole Interaction Layer:
» Explicit electrostatic-like interactions (monopole, dipole, quadrupole)

» Hard cutoff at 4 A for near-neighbor effects
» Provides physically meaningful features

@ Physical Constraint Enforcement:
Hermiticity: P =P T

Idempotency: PSP =P

Electron count: Tr(PS) = Nejectrons
Mulliken refinement for improved accuracy
Applied as post processing

vV vy VY VvYy

@ Multi-task Learning:
» Simultaneous prediction: density blocks, orbital Mulliken populations, energies
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Training at Scale: Training Dataset Composition

4.9 million quantum chemistry calculations from 1.2 million molecules

Dataset Calculations Molecules
Tree (incremental growth) 1,203,000 45,000
Small molecules (1-4 atoms) 1,115,000 294,000
Charge-multiplicity variants 1,753,000 588,000
Small stretched molecules 818,000 281,000
Polymers 3,300 1,123
Total Training 4,892,000 1,209,000

Design principles:

Size transferability: 1-200 atoms

@ Chemical diversity: H-Ar (periods 1-3)

o Geometry diversity: near equilibrium + strained structures
°

Electronic diversity: neutral, charged, radicals, different spin states
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Coverage Across Methods and Basis Sets

Electronic Structure Methods:
e Hartree-Fock (HF)
o B3LYP (hybrid DFT) Training strategy:

@ wBI7X-D (range-separated meta-GGA hybrid)  © Single model for all combinations
@ Method and basis as categorical inputs

Basis Sets:
@ STO-3G (minimal)
@ 6-31G* (split-valence + polarization)
o def2-SVP (modern balanced basis)

@ Tests transferability across theory levels

@ Validation: captodative molecules
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Test Set

Element Distribution in Dataset

102

80
=
= 60
210t .
a B3
2 g
&
o o
S 10°

20

RV ? U 0 € LROR S 5O
Element

o GMTKNDb)5 dataset filtered for 1-3 period: 2332 molecules
o QM9 dataset uniformly sampled: 1339 molecules

A. Balogh, A. Horvath, A. Rék, G. Tornai (PPKE-ITK, SMachine Learning Accelerated Density Matrix Estimation




Main Result: Parity with SAD
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Key findings:
o Median difference: 0 iterations — most molecules perform identically
e Mean difference: 0.21 iterations (~2% overhead for typical convergence)
@ 50% exact parity, 25% NN advantage, 25% SAD advantage
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Statistical Analysis: Comparable Performance

Distribution of SAD - NN iterations
@ Median: 0 iterations

103
@ Mean: -0.21 iterations

@ Typical SCF: 5-30 iterations

Distribution of Differences
[]
---- Mean: -0.21

Interpretation:

o 0.21 iterations ~ 2% difference
@ Within statistical noise

10!
@ Proof of concept: ML matches SAD
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Generalization Across Methods and Basis Sets

STO-3G + HF

def2-SVP + wB97X-D
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Key insight: Model generalizes across different theory levels — not overfit to specific

method /basis
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Convergence Quality: Same lterations, Same Accuracy

Validating that parity in iteration count means parity in quality
e DIIS Error Comparison:

» Final SCF convergence criteria: DIIS error < 107° (typical)
» NN-initialized SCF reaches same thresholds
» No degradation in electronic structure accuracy

o Final Energy Comparison:
» Converged energies are within convergence precision
» Both SAD and NN reach same SCF solution

> Initial guess only affects speed, not final answer

Conclusion: Same number of iterations truly means equivalent performance
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Known Challenges and Edge Cases |

Current test set limitations:
@ Very unbalanced with respect to contained elements
@ Test set size distribution is exponential — NN prediction overhead counts a lot
@ No systems with HOMO-LUMO gap < 0.0 Ha
@ No coverage of large molecules (> 100 atoms)

@ Missing high multiplicity systems
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Known Challenges and Edge Cases Il

Element Pair Interaction (Avg Iter Diff: SAD - NN)
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Known Challenges and Edge Cases Ill

Time Ratio Comparison Across 30 Buckets Time Savings Distribution
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Current Bottleneck: Inference Overhead

Wall-clock timing;:
@ SAD only: ~19 sec (QC calculation)

@ NN approach: ~3 sec (inference) + ~19
sec (QC) = 22 sec total

@ 16% overhead despite similar iteration
counts!

The good news:
e This is a solvable engineering problem
@ Not a fundamental limitation

@ Plenty of room for GPU optimization
Why?
o GPU inference (not optimized) For SW engineers: This is where the real

. . work begins!
@ Single-molecule at a time

@ Model loading overhead

@ Post-processing constraints
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GPU Optimization Opportunities

Path from 3 seconds to < 0.1 seconds:
@ Batch Inference on GPU

> Process 100-1000 molecules simultaneously
» Amortize kernel launch overhead
» Expected speedup: 50-100x over single-molecule GPU

@ Model Optimization

» Quantization (FP32 — FP16/INT8)
» Pruning or distillation

© Deployment Engineering

» ONNX conversion for inference
» Asynchronous inference pipeline

Target: Sub-second inference for batches of molecules
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Impact: High-Throughput Quantum Chemistry
Where does fast ML-guided SCF matter?
@ Virtual screening campaigns:
» Drug discovery: 100k—=1M molecules
» Batch GPU inference: process entire library in hours
» Even 10% speedup = days of compute saved

@ Molecular dynamics simulations:
» 1M+ SCF calculations per trajectory
> Better initial guess every step — cumulative savings
» Enables longer simulations or larger systems

o High-throughput DFT:
» Materials discovery pipelines
» Combinatorial chemical space exploration
» GPU-accelerated QC codes (TeraChem, BrianQC)

Our 3M parameter model is proof-of-concept that ML can compete with SAD

Next step: Make it faster and smarter
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Summary and Outlook

What we’ve shown:
@ Proof of concept: ML-based initial guess matches SAD (gold standard)

» Median O iteration difference, mean 0.21 iterations
» Only 3M parameters — tiny model!

o Generalizes across methods (HF, B3LYP, wB97X-D) and basis sets

Next steps:
@ GPU batch inference optimization (target: <0.1s per molecule)
@ Integration with GPU-accelerated QC codes (BrianQC)

@ Explore larger models — can we beat SAD?

Machine learning + GPU acceleration = faster quantum chemistry for everyone
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