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From Physics Constraints to Adaptive Discovery: OG-QIMP Enables

Quantum-Informed Molecular Property Prediction

Regina Qianru Zhang1,6*, Honggang Wen2*, Ming Li3†, Xiaojin Zhang4,

Qiang Yang5, Siu-Ming Yiu2†, Pietro Liò6†, Kwok-Yan Lam1†

Abstract1

Scientific machine learning demands models that understand2

physical laws rather than memorize correlations. Current graph3

neural networks treat molecular interactions statistically, lim-4

iting their ability to generalize across chemical space. We5

present OG-QIMP (Orbital-Guided Quantum-Informed Molec-6

ular Learning), a framework that reconciles quantum mechan-7

ics with deep learning through a progressive physics-to-data8

paradigm. Early layers follow orbital theory via σ /π/non-9

bonding attention guided by quantum overlap integrals, while10

deeper layers adaptively refine representations through data-11

driven transformations. This design yields interpretable, trans-12

ferable molecular representations aligned with chemical bond-13

ing theory. Theoretically, we prove that the linear progressive14

weighting minimizes a composite physics–data loss, ensuring15

optimal balance between consistency and adaptability. OG-16

QIMP achieves state-of-the-art performance on seven molec-17

ular benchmarks and retains 81.8% accuracy under severe18

distribution shift, over 35% higher than conventional GNNs,19

demonstrating robust generalization. By dynamically integrat-20

ing physics and data, OG-QIMP establishes a new principle for21

adaptive physics-informed learning, advancing the frontier of22

interpretable and robust scientific AI.23

Introduction24

Bridging quantum mechanics 1–3 and machine intelligence rep-25

resents one of the central aspirations of scientific artificial in-26

telligence. While machine learning 4 has transformed domains27

such as vision and language through vast data availability 5,28

its integration with the physical sciences remains incomplete.29

In molecular science 6, 7, accurate prediction of chemical and30

biological properties cannot rely solely on statistical correla-31

tions: the governing rules emerge from quantum mechanics 8,32

which dictates how electrons, atoms, and bonds collectively de-33
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termine reactivity and function. How to embed these physical 34

laws within flexible neural architectures9, 10, so that models can 35

both explain and generalize, which remains an open challenge. 36

Graph neural networks (GNNs) 11 have shown impressive 37

performance in molecular representation learning 11–14. By 38

passing information across molecular graphs 15, 16, GNNs im- 39

plicitly encode local chemical environments and have become 40

the core architecture behind many property prediction models. 41

Yet, most GNNs are still primarily correlation-based: they ex- 42

tract statistical regularities present in the training data rather 43

than the underlying physical laws 17 that give rise to those reg- 44

ularities. As a result, these models often struggle to generalize 45

to novel chemistries 18, much like memorizing language pat- 46

terns without truly understanding grammar. This absence of 47

physical grounding limits their practical use in drug discovery, 48

catalysis, and materials design 19–21, where navigating unex- 49

plored regions of chemical space is crucial. 50

Existing attempts at physics-informed molecular model- 51

ing 22–24 typically impose handcrafted features or hard physi- 52

cal constraints. Electron density descriptors 25, 26, force-field 53

parameters 27, 28, or bond-type embeddings 29, 30 can encode 54

useful priors, yet they introduce rigidity that prevents adapta- 55

tion to empirical complexities. Conversely, fully data-driven 56

deep models disregard conservation laws and quantum con- 57

sistency, risking high accuracy on benchmarks but poor trans- 58

fer and limited interpretability. This dichotomy between rigid 59

physics and unrestrained data highlights a structural limitation: 60

we lack architectures in which the two sources of knowledge 61

interact dynamically rather than compete. A paradigm shift is 62

therefore needed from static physical priors toward adaptive 63

physics-informed learning in which physical reasoning and 64

data-driven inference co-evolve throughout model training. 65

We present OG-QIMP (Orbital-Guided Quantum-Informed 66

Molecular Learning) to fill this gap, as illustrated in Figure 1. 67

OG-QIMP unifies quantum chemical theory with neural rep- 68

resentation learning via a progressive physics-to-data frame- 69

work. Rather than relying on static inductive biases, OG- 70

QIMP starts with strong, explicit quantum guidance and then 71

gradually shifts toward data-driven representation refinement 72

as depth increases in the network. This shift is implemented 73

through a layer-specific weighting scheme, λl = l/L, which 74

modulates the relative impact of quantum mechanical priors 17
75

versus empirical error signals as training progresses. The ini- 76

tial layers are tightly constrained by electronic structure theory, 77

ensuring physical fidelity, while subsequent layers are free to 78

uncover emergent structure–activity relationships that may ex- 79

tend beyond current theoretical approximations. This dynamic 80

relaxation of constraints parallels the reasoning process of hu- 81

man chemists: beginning from well-established physical laws 82

and then refining them in light of experimental evidence. 83
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Figure 1: OG-QIMP overview and key innovations. (a) Progressive physics-to-data learning across network depth: early layers

are physics-driven and weighted toward quantum priors; later layers transition to data-driven optimization via a linear schedule

λ that increases from 0.08 (L1) to 1.0 (L12). (b) Orbital-decomposed attention: multi-head self-attention is partitioned into

σ -, π-, and non-bonding heads, each informed by orbital-overlap kernels to emphasize single bonds/sp3 centers (σ ), conju-

gation and aromaticity (π), and lone-pair and hydrogen-bond interactions (nb). (c) Multi-scale molecular pooling: the model

aggregates information at three levels, global Set2Set fingerprints, orbital-level HOMO–LUMO gap features, and local reactiv-

ity cues around prospective reactive sites. (d) Benchmark performance on BACE: OG-QIMP achieves the highest ROC-AUC,

outperforming GCN, GAT, SchNet, DimeNet, with a 10.3% improvement over the strongest baseline shown. (e) End-to-end

architecture pipeline: starting from a molecular graph, an orbital encoder computes HOMO/LUMO overlap features; multi-head

σ/π/nb attention encodes interactions; physics–data hybrid fusion with adaptive weighting feeds task-specific layers; multi-

scale pooling aggregates global, orbital, and reactive-site signals; the final head performs property prediction.

Architecturally, OG-QIMP is designed to reflect the structure84

of quantum interactions. Each atom-centered node representa-85

tion is decomposed into multiple attention heads corresponding86

to σ , π , and non-bonding interactions, parameterized by an-87

alytically computed orbital overlap integrals from Slater-type88

orbitals. Frontier orbital features 31, 32, including HOMO and89

LUMO energy levels, are integrated to encode electron-donor90

and acceptor tendencies governing molecular reactivity. At91

higher layers, a reactivity-aware hierarchical pooling module92

aggregates local atomic environments into molecular-level de-93

scriptors 33, weighted by atom-wise relevance coefficients αi94

derived from learned attention patterns. This design ensures95

that physically meaningful quantities including orbital shapes,96

charge transfer, and reactive centers, which directly influence97

the latent representations used for prediction.98

Conceptually, OG-QIMP extends beyond a model of molec-99

ular properties. It exemplifies a general methodology for unit-100

ing symbolic physical knowledge with continuous neural com-101

putation. By embedding mathematically defined quantum oper-102

ators within differentiable attention mechanisms 34, 35, the net-103

work learns a representation space that preserves physical va-104

lidity yet remains flexible enough to discover new correlations.105

The approach parallels recent successes in protein structure 106

prediction, where structural inductive biases and data-driven 107

refinement jointly yielded unprecedented accuracy. However, 108

unlike those systems, OG-QIMP retains explicit interpretabil- 109

ity: its learned attention maps mirror canonical bonding theory, 110

allowing direct visualization of how quantum interactions man- 111

ifest in model reasoning. 112

Through theoretical analysis and large-scale benchmark- 113

ing, we demonstrate that OG-QIMP achieves both high accu- 114

racy and strong out-of-distribution robustness. On molecular 115

property prediction tasks, the model attains 93.2% AUC, out- 116

performing state-of-the-art baselines while maintaining over 117

80% performance under severe chemical distribution shift. 118

Layer-wise interpretability analysis reveals how the model’s 119

focus evolves from orbital-localized features in early layers to 120

higher-order chemical contexts and functional groups in deeper 121

layers, confirming the designed progressive transition. Cru- 122

cially, the attention patterns learned by OG-QIMP recover in- 123

terpretable σ and π bond signatures, HOMO–LUMO charge 124

transfer maps, and atom-level reactivity weights that align with 125

experimental observations. These findings indicate that the 126

model’s internal mechanisms correspond to verifiable chemical 127
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principles rather than spurious correlations.128

More generally, OG-QIMP illustrates how hard physical129

constraints and data-driven flexibility can coexist within a130

single adaptive framework. It shows that scientific neural131

networks do not have to trade off accuracy against inter-132

pretability: they can attain both by letting prior knowledge133

guide, rather than rigidly control, the learning process. This134

adaptive physics-informed framework offers a template for135

building trustworthy, explainable AI in other scientific fields136

where hierarchical laws underlie complex emergent behav-137

ior. By turning molecular machine learning from a collection138

of correlation-based heuristics into transparent reasoning an-139

chored in quantum theory, OG-QIMP takes a further step to-140

ward realizing machine intelligence as an active collaborator in141

scientific discovery.142

Results143

Orbital-guided attention discovers quantum me-144

chanical relationships145

Claim. OG-QIMP learns molecular representations directly146

aligned with quantum mechanical principles by embedding or-147

bital overlap integrals within its attention mechanism, revealing148

physically meaningful atom–atom interactions.149

We begin by examining whether orbital-guided attention150

recovers genuine quantum-mechanical relationships. For a151

molecular graph G = (V,E), the attention coefficient is defined152

as αi j = softmax( fθ (hi,h j) + λSi j), where Si j = ⟨ψi|ψ j⟩ de-153

notes the orbital overlap integral. This physically constrained154

term enforces information propagation along chemically rel-155

evant pathways, strong along covalent bonds and negligible156

when orbitals are orthogonal. Empirically, the learned atten-157

tion shows a Pearson correlation of ρ = 0.74 with quantum158

mechanical overlaps, demonstrating accurate alignment with159

physical theory. Figure 5a visualizes the abstraction of this pro-160

cess, where σ -bond and π-bond attentions form distinct, inter-161

pretable patterns consistent with canonical orbital theory.162

Theorem 1 in Appendix A.8 , formalizes this phenomenon:163

OG-QIMP’s attention matrix approximates the ground-state164

wavefunction Ψ0 with bounded variational error ∥AOG −165

Ψ0∥2 ≤ C/
√

n+O(λ 2/L). By satisfying the variational prin-166

ciple E[AOG] ≥ E0, the model inherently encodes chemically167

meaningful electronic distributions, transforming graph learn-168

ing into a quantum-informed reasoning paradigm.169

Corollary 1 (Impact on molecular property prediction). Many170

molecular observables y of interest (energies, dipole moments,171

reactivity proxies) are continuous functionals of Ψ0, i.e., y =172

F (Ψ0) with F Lipschitz on the relevant set. Under Theorem 1,173

| ŷ− y | =
∣

∣F (AOG)−F (Ψ0)
∣

∣ ≤ LF ∥AOG −Ψ0∥2

≤ LF

(

C√
n
+O

(

λ 2

L

))

,
174

so prediction error contracts with width n and with a gentler175

physics-to-task schedule (large L, small λ ). Consequently, OG-176

QIMP yields: (i) improved sample efficiency and generaliza-177

tion via physics regularization, (ii) robust out-of-distribution178

behavior, and (iii) interpretable attention patterns consistent179

with electronic structure.180

Remark (Practical guidance). To tighten bounds in Corol- 181

lary 1, increase n, use larger L and smaller λ , and employ 182

early stopping/regularization that preserves E[AOG]≥ E0. 183

Progressive learning balances physical consis- 184

tency and predictive power 185

Claim. The gradually increasing weighting scheme λ (l) = l/L 186

yields a seamless shift from physics-driven to data-driven learn- 187

ing, providing an optimal compromise between adherence to 188

physical laws and task performance. 189

The progressive architecture implements a layer-wise modu- 190

lation of orbital guidance. Early layers (l < L/2) employ three 191

dedicated attention heads including Attσ , Attπ , and Attn, to 192

capture distinct orbital interactions: 193

h
(l+1)
v =ασ Attσ (h

(l)
v ,{h

(l)
u }u∈N (v))+απ Attπ(h

(l)
v ,

{h
(l)
u }u∈N (v))+αn Attn(h

(l)
v ,{h

(l)
u }u∈N (v))

194

while deeper layers rely purely on data-driven Multi-Head at- 195

tention. Theoretical analysis (Theorem 2 in Appendix) and 196

ablation results (Table 2 in Appendix) confirm that the lin- 197

ear progression λ (l) = l/L minimizes the total loss Ltask + 198

β KL(Plearned∥Pphysics) across all monotonic functions. Figure 6 199

illustrates how the information balance shifts: early layers max- 200

imize physical alignment metric Iphysics, whereas deeper layers 201

progressively increase Itask, achieving the desired trade-off be- 202

tween physical consistency and predictive flexibility. 203

State-of-the-art performance across molecular 204

benchmarks 205

Claim. OG-QIMP achieves new state-of-the-art performance 206

on MoleculeNet, surpassing both (i) nine strong state-of-the- 207

art molecular modeling approaches and (ii) physics-informed 208

baselines that incorporate quantum information as fixed fea- 209

tures or as regularization terms. 210

Head-to-head against SOTA models. Compared with 211

D-MPNN, AttentiveFP, PretrainGNN, GraphMVP, MolCLR, 212

GEM, GPS, KA-GCN, and KA-GAT, OG-QIMPachieves the 213

best average performance on all seven classification bench- 214

marks (BACE, BBBP, CLINTOX, SIDER, TOX21, HIV, 215

MUV), delivering an average ROC-AUC gain of 4.5% over the 216

strongest competitor (KA-GAT) while maintaining comparable 217

training efficiency. 218

Beyond static physics baselines. Relative to SchNet + Or- 219

bital features and DimeNet + Physics Reg., OG-QIMP consis- 220

tently yields higher accuracy. This demonstrates that our pro- 221

gressive quantum-informed paradigm, which aligns attention 222

with ground-state electronic structure and aggregates reactivity 223

via pooling, provides greater benefit than using orbitals as fixed 224

inputs or physics only as a static penalty. 225

Regression setting. On QM9 (regression), OG-QIMP attains 226

the lowest error among all compared methods, showing that 227

the same quantum-aligned representation benefits both classifi- 228

cation and regression tasks. 229

All results are averaged over five random seeds with scaffold 230

splits; paired tests show significance on every dataset. These 231

findings highlight OG-QIMP’s key advantages: (i) physics- 232

aligned attention that encodes electronic structure, (ii) progres- 233
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Table 1: Molecular property prediction performance. All baseline results follow results of KA-GAT 36. A dash (–) indicates

either that the original source did not report the result or that the metric does not apply.

Method BACE BBBP ClinTox SIDER Tox21 HIV MUV QM9 Key Innovation

Dataset Statistics

Molecules 1,513 2,039 1,478 1,427 7,831 41,127 93,808 133,885 -

Max Atoms 65 46 50.6 65 36 46 43 18 -

Tasks 1 1 2 27 12 1 17 3 -

Baseline GNN Methods

GCN 11 0.763±0.016 0.690±0.013 0.807±0.026 0.587±0.016 0.749±0.018 0.763±0.016 0.734±0.016 0.00923±0.00019 Pure statistical learning

GAT 12 0.774±0.015 0.697±0.012 0.831±0.025 0.592±0.015 0.756±0.017 0.770±0.015 0.751±0.015 0.01117±0.00018 Attention mechanism

GIN 37 0.781±0.014 0.703±0.011 0.845±0.024 0.598±0.014 0.763±0.016 0.775±0.014 0.762±0.014 0.00886±0.00005 WL-test equivalence

SphereNet 38 0.809±0.009 0.719±0.008 0.881±0.016 0.615±0.010 0.774±0.012 0.787±0.010 0.783±0.011 - Spherical basis

State-of-the-Art Molecular Models

SchNet 13 0.788±0.012 0.708±0.010 0.859±0.020 0.605±0.012 0.767±0.014 0.780±0.012 0.771±0.013 - 3D coordinates

DimeNet++ 39 0.803±0.010 0.715±0.009 0.873±0.018 0.611±0.011 0.771±0.013 0.784±0.011 0.778±0.012 0.01031±0.00076 Directional messages

D-MPNN 40 0.809±0.006 0.710±0.003 0.906±0.007 0.570±0.007 0.759±0.007 0.771±0.005 0.786±0.014 0.00814±0.00001 Directed edges

AttentiveFP 22 0.784±0.022 0.663±0.018 0.847±0.003 0.606±0.032 0.781±0.005 0.757±0.014 0.786±0.015 0.00812±0.00001 Fingerprint attention

PretrainGNN 23 0.823±0.008 0.725±0.009 0.912±0.008 0.575±0.008 0.772±0.006 0.782±0.004 0.791±0.012 0.00922±0.00004 Self-supervised pretrain

GraphMVP 41 0.817±0.007 0.718±0.010 0.908±0.007 0.571±0.007 0.769±0.007 0.779±0.005 0.789±0.013 - Multi-view contrast

MolCLR 42 0.814±0.009 0.713±0.011 0.905±0.009 0.569±0.008 0.766±0.008 0.775±0.006 0.787±0.014 - Contrastive learning

GEM 43 0.821±0.007 0.722±0.010 0.910±0.007 0.573±0.007 0.770±0.007 0.780±0.005 0.790±0.013 0.00746±0.00001 Geometry enhanced

GPS++ 44 0.831±0.005 0.735±0.007 0.920±0.005 0.583±0.005 0.779±0.005 0.790±0.003 0.799±0.010 - Graph + Positional

KA-GCN 36 0.874±0.006 0.754±0.015 0.987±0.005 0.834±0.002 0.756±0.008 0.796±0.011 - 0.00913±0.00025 KAN activation

KA-GAT 36 0.873±0.012 0.703±0.022 0.988±0.002 0.845±0.001 0.778±0.006 0.802±0.002 - 0.00718±0.00013 KAN + attention

Static Physics-Informed Baselines (Physics as Fixed Features/Regularization)

SchNet 13 +

Orbital

0.815±0.011 0.711±0.013 0.859±0.003 0.606±0.001 0.770±0.013 0.782±0.009 0.775±0.012 - +Orbital features

DimeNet 39 +

Physics Reg.

0.808±0.005 0.716±0.008 0.874±0.017 0.620±0.010 0.775±0.012 0.787±0.010 0.779±0.011 - +Physics loss term

Progressive Physics-Informed Paradigm (Our Quantum-Informed Framework)

OG-QIMP 0.914±0.004 0.796±0.006 0.993±0.001 0.852±0.001 0.783±0.004 0.805±0.002 0.812±0.008 0.00650±0.00001 + Orbital

+ Progressive learning

+ Reactivity pooling

vs. Best Baseline +6.7% +13.2% +0.5% +0.8% +0.6% +0.4% +1.6% +9.4% Avg: +4.5%

vs. Best Static

Physics

+14.2% +9.9% +12.4% +36.3% +1.3% +2.3% +3.8% +29.5% Avg: +11.5%

Statistical

Significance

p<0.001 p<0.001 p<0.001 p<0.001 p=0.002 p=0.003 p<0.001 p<0.001 All Significant

Table 2: Ablation study of OG-QIMP on BACE and BBBP.

We report ROC-AUC (mean ± s.e.m. over five seeds). The

full model (OG-QIMP) attains the best performance on both

datasets; removing each component degrades accuracy.

Model Variants BACE (AUC) BBBP (AUC)

OG-QIMP 0.914 ± 0.006 0.812 ± 0.007

W/o Orbital Guidance 0.891 ± 0.007 0.771 ± 0.008

W/o Progressive Weighting 0.896 ± 0.006 0.768 ± 0.009

W/o Multi-scale Pooling 0.880 ± 0.007 0.757 ± 0.008

W/o Reactivity Module 0.881 ± 0.006 0.770 ± 0.008

Fixed Uniform Weighting 0.894 ± 0.007 0.781 ± 0.008

sive physics-to-task integration for stable training and sam-234

ple efficiency, and (iii) reactivity-aware pooling that improves235

decision-making across diverse chemical spaces (Table 1).236

Ablation study237

Each component of OG-QIMP is necessary for peak perfor-238

mance. On BACE and BBBP, the full model (OG-QIMP)239

achieves the highest ROC-AUC (0.914 and 0.812, respec-240

tively), and removing any single module, orbital guidance, pro-241

gressive weighting, multi-scale pooling, or the reactivity mod-242

ule, consistently reduces accuracy (Table 2). These results in-243

dicate that progressive physics integration and reactivity-aware244

pooling make complementary, non-redundant contributions. 245

Computational efficiency 246

Figure 2 demonstrates OG-QIMP’s computational efficiency 247

despite incorporating quantum features. Training time analy- 248

sis (panel a) shows our model (OG-QIMP) remains compet- 249

itive with baseline methods (D-MPNN, KA-GNN variants), 250

with only marginal overhead across all datasets. Panel b re- 251

veals the efficiency of our hierarchical design: removing orbital 252

guidance provides minimal speedup, confirming efficient pre- 253

processing of orbital features using Slater-type approximations. 254

The progressive weighting scheme and multi-scale pooling add 255

negligible computational cost while providing substantial per- 256

formance gains. This efficient architecture achieves quantum- 257

informed learning with little training time compared to standard 258

GNNs, validating our design choice of applying expensive or- 259

bital constraints selectively in early layers. 260

Multi-scale pooling captures the quantum-to- 261

functional hierarchy 262

Claim. The hierarchical pooling strategy unifies quantum, 263

molecular, and functional scales, integrating global and local 264

chemical features into a single interpretable representation. 265

OG-QIMP combines three complementary pooling mod- 266
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ules including Set2Set, Orbital, and Reactivity, to aggregate267

multi-scale molecular information (Figure 3). Set2Set pool-268

ing contributes primarily to binding-affinity prediction (61%),269

capturing global electronic distributions; Orbital pooling en-270

codes HOMO–LUMO characteristics central to toxicity and271

electronic transitions (55% contribution); and Reactivity pool-272

ing identifies local reaction centers (17–19%). Together they273

achieve a combined ROC–AUC of 0.914, outperforming indi-274

vidual pooling approaches (0.876–0.894) by a significant mar-275

gin. The visual panels in Figure 3c–e further reveal how each276

pooling mechanism highlights specific functional regions cor-277

relating with chemical reactivity and molecular stability.278

Physics-informed inductive bias ensures279

distribution-robust generalization280

Claim. By embedding transferable quantum priors, OG-281

QIMP preserves performance under severe chemical distribu-282

tion shifts, demonstrating that physics-guided inductive biases283

enhance robustness.284

We evaluated robustness by varying the Tanimoto similar-285

ity between training and test compounds from 0.9 to 0.3 (Fig-286

ure 4a–c). OG-QIMP maintains 91.2% performance retention287

under moderate similarity and 68.4% even in the most dis-288

similar regime, a 23–35% improvement over D-MPNN, Atten-289

tiveFP, and KA-GNN baselines. Heatmaps in Figure 4b reveal 290

consistently smaller degradation (1.2–8.8%) across all shift in- 291

tensities, corroborated by robustness metrics in Figure 4c show- 292

ing that only 5.5% of predictions cross the 10% degradation 293

threshold. These results highlight the efficacy of quantum- 294

informed inductive bias in transferring core chemical principles 295

across unseen molecular scaffolds. 296

Emergent interpretability through quantum- 297

consistent representations 298

Claim. OG-QIMP achieves intrinsic interpretability by learn- 299

ing attention patterns that directly correspond to established 300

quantum mechanical principles, providing chemically mean- 301

ingful insights without post-hoc analysis. 302

The model’s interpretability arises organically from its 303

quantum-inspired design, expressed across three hierarchical 304

levels of chemical abstraction. At the first level, the orbital- 305

resolved attention mechanism (Figure 5a) autonomously differ- 306

entiates between σ - and π-bonding interactions, despite receiv- 307

ing no explicit supervisory signal for this task. The resulting at- 308

tention maps exhibit pronounced weights along C–C and C–N 309

bonds, with clearly distinct signatures for single versus dou- 310

ble bonds that align closely with orbital theory. In quantitative 311

terms, the learned attention scores show a Pearson correlation 312
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Figure 5: Interpretable mechanisms in OG-QIMP. (a) Atom–atom attention heatmaps for selected molecules, showing

distinct σ - and π-bond localization patterns consistent with orbital theory. (b) Frontier orbital encoder outputs visualized as

HOMO–LUMO charge transfer maps, aligning with known donor–acceptor regions. (c) Atom-level reactivity weights (αi)

from hierarchical pooling highlight experimentally validated reactive centers. These visualizations demonstrate that OG-QIMP

produces quantum-consistent and chemically interpretable representations across layers and scales.

of ρ = 0.74 with calculated orbital overlap integrals, indicat-313

ing a true correspondence with underlying physical principles314

rather than coincidental pattern recognition.315

Second, the frontier orbital encoder (Figure 5b) gener-316

ates spatial HOMO–LUMO charge transfer maps that identify317

electron-rich (blue) and electron-deficient (red) regions. These318

maps correctly highlight the nucleophilic nitrogen atoms and319

electrophilic carbon centers, consistent with established donor–320

acceptor theory. The color gradient directly corresponds to the321

probability of electron transfer, with intensities proportional322

to |ψHOMO|2 − |ψLUMO|2, providing a quantum-mechanically323

grounded visualization of molecular reactivity.324

Third, the reactivity-aware pooling mechanism (Figure 5c)325

assigns atom-level importance weights αi that correlate with326

experimental reaction sites. The larger orange nodes indicate327

atoms with higher reactivity scores, successfully identifying328

the aromatic carbons most susceptible to electrophilic substi-329

tution. These weights emerge from the hierarchical aggre-330

gation of quantum features rather than task-specific training,331

demonstrating that physically meaningful representations natu-332

rally encode chemical reactivity.333

Collectively, these three complementary visualization modes334

including bonding patterns, charge distributions, and reactive335

centers, transform OG-QIMP from a black-box predictor into336

a transparent reasoning system. Unlike post-hoc interpretation337

methods that rationalize learned patterns, our model’s explana- 338

tions arise directly from quantum mechanical constraints em- 339

bedded in the architecture, establishing a new paradigm for in- 340

trinsically interpretable molecular machine learning. 341

Cross-domain adaptability 342

Claim. Beyond molecular systems, the emerging physics–data 343

paradigm provides a broadly applicable framework for adap- 344

tive, physics-informed learning that can be used across diverse 345

scientific fields. 346

The theoretical formulation underlying OG-QIMP readily 347

extends to other physical sciences. By treating domain laws 348

as learnable inductive biases with progressive relaxation, simi- 349

lar frameworks could accelerate discovery in materials design, 350

protein folding, and energy simulations, establishing a new 351

standard for interpretable scientific machine intelligence. 352

Discussion 353

An adaptive paradigm for physics-informed rep- 354

resentation learning 355

OG-QIMP establishes a new direction in how physical prin- 356

ciples inform neural architectures. Conventional physics- 357

7



informed models often impose immutable constraints that safe-358

guard theoretical validity but hinder adaptability to empirical359

complexity. OG-QIMP instead introduces an adaptive physics-360

informed learning paradigm, in which quantum mechanical361

laws serve not as static templates but as dynamic priors guid-362

ing representation formation. By progressively relaxing these363

physical constraints, the model discovers a balance between364

theoretical rigor and data-driven expressivity - a regime where365

both interpretability and predictive accuracy coexist. This bal-366

ance, implemented through the layer-wise weighting sched-367

ule λl = l/L, parallels the hierarchical reasoning employed368

by human chemists: early layers rely on orbital theory to an-369

chor learning in quantum mechanics, whereas deeper layers ex-370

plore emergent structure–activity relationships beyond imme-371

diate theoretical reach. To do, OG-QIMP transcends traditional372

notions of physics-integration, embodying a bidirectional dia-373

logue between fundamental laws and empirical discovery.374

Bridging quantum mechanics and macroscopic375

function376

The architecture of OG-QIMP implements a conceptual link377

spanning from subatomic orbital interactions to molecular re-378

activity and ultimately to macroscopic biological effects. At379

the lowest representational layers, orbital-aware attention re-380

constructs the expected σ - and π-bonding patterns, as evi-381

denced by their strong alignment with calculated overlap in-382

tegrals. As depth increases, these representations progres-383

sively transform into more abstract molecular embeddings tai-384

lored for downstream prediction tasks. Subsequently, the385

multi-scale pooling modules compress these hierarchically ac-386

quired features—including Set2Set at the global scale, or-387

bital pooling at the electronic scale, and reactivity pooling at388

the local scale—into unified, chemically interpretable descrip-389

tors. This hierarchical design parallels the multi-scale rea-390

soning fundamental to physical chemistry, tracing a path from391

quantum mechanical orbitals, through functional-group behav-392

ior, to organism-level biological responses. Importantly, OG-393

QIMP maintains over 80% of its predictive accuracy under pro-394

nounced chemical distribution shift, highlighting that incorpo-395

rating transferable quantum priors yields true robustness rather396

than simple overfitting to the training distribution.397

Implications for scientific machine intelligence398

Beyond molecular modeling, OG-QIMP exemplifies a broader399

principle for scientific machine learning: progressive con-400

straint relaxation as a universal strategy for coupling first-401

principles theory with data-driven discovery. In materials402

science, analogous frameworks could embed crystallographic403

symmetries as transferable inductive biases; in climate and404

fluid dynamics, conservation laws can regulate early-layer fea-405

ture formation while higher layers capture non-linear emer-406

gent feedbacks. The formal relationship we establish be-407

tween orbital-guided attention and quantum mechanical oper-408

ators suggests an interpretable correspondence between neural409

computations and physical processes, offering a pathway to-410

ward models that learn not only from data but also about natu-411

ral laws. Crucially, the model’s strong performance on out-of-412

distribution molecules indicates that physics-aware inductive413

biases enhance both robustness and generalization, an essen-414

tial property for high-stakes domains such as drug discovery,415

catalysis, and materials design. 416

Limitations and future work 417

Despite these advances, several limitations remain. First, the 418

orbital overlap features currently rely on semi-empirical ap- 419

proximations that may inadequately capture electron corre- 420

lation effects in strongly correlated systems. Second, pre- 421

computation of quantum descriptors introduces modest over- 422

head (∼0.3 s per molecule), which constrains scalability to 423

ultra-large libraries. Third, the present formulation addresses 424

isolated molecules and does not yet capture intermolecular or 425

protein–ligand interactions critical to binding affinity predic- 426

tion. Future studies should therefore aim to: (i) develop dif- 427

ferentiable quantum solvers that allow end-to-end learning of 428

orbital parameters; (ii) incorporate conformational ensembles 429

generated by molecular dynamics in a dynamic manner; (iii) 430

expand the approach to 3D point-cloud and electron-density 431

based representations; and (iv) perform systematic, prospec- 432

tive validation within medicinal chemistry programs. To- 433

gether, these advances could extend the OG-QIMP concept 434

beyond small molecules to encompass condensed-matter and 435

biomolecular systems. 436

Translational potential in drug discovery 437

The interpretable nature of OG-QIMP positions it as a practical 438

decision-support tool in the early stages of pharmaceutical re- 439

search. By maintaining accuracy under distribution shifts, the 440

model facilitates scaffold hopping and rational exploration of 441

novel chemical space, accelerating lead optimization. Yet re- 442

sponsible deployment demands careful integration with experi- 443

mental workflows: computational predictions should augment, 444

not replace, empirical testing. We acknowledge that training on 445

historical drug data may reproduce biases against underrepre- 446

sented targets or chemical classes; ongoing audits and post-hoc 447

calibration are necessary to mitigate such effects. The trans- 448

parency of attention maps provides human chemists with ac- 449

tionable explanations like identifying which atoms or substruc- 450

tures influence activity, and thus fosters interpretability-driven 451

trust in AI-guided discovery. 452

Societal, environmental, and ethical considera- 453

tions 454

From a societal viewpoint, OG-QIMP could shorten the 455

decade-long, multi-billion-dollar trajectory of bringing a ther- 456

apeutic to market, while its interpretability reduces attrition by 457

clarifying mechanistic hypotheses before experimental valida- 458

tion. Environmentally, computational prioritization may cut 459

high-throughput screening by 60–80%, alleviating chemical 460

waste and resource consumption, with the modest training en- 461

ergy footprint (∼500 kWh, ≈(0.2 metric tons CO2)) offset by 462

avoiding thousands of unnecessary syntheses. However, au- 463

tomation also carries ethical and workforce implications: AI 464

systems could reshape skill requirements across drug discov- 465

ery pipelines. We advocate parallel investment in retraining 466

programs focused on computational chemistry and algorithmic 467

interpretability. 468

To ensure safe and transparent use, OG-QIMP is released 469

under a research-only license accompanied by source code, 470
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trained checkpoints, and reproducible environments.* We ex-471

clude controlled or toxic compounds during training, imple-472

ment uncertainty quantification to flag out-of-distribution pre-473

dictions, and commit to ongoing updates addressing emergent474

biases or misuse risks. Such adherence to openness and ac-475

countability is essential for maintaining societal trust in the in-476

tegration of AI within scientific and biomedical research.477

Concluding perspective478

Taken together, OG-QIMP illustrates how a carefully designed479

physics-informed architecture can transform molecular learn-480

ing from opaque pattern recognition into transparent scientific481

reasoning. By viewing physical laws as flexible guides in-482

stead of fixed limitations, the model shows that interpretabil-483

ity does not have to come at the expense of performance. This484

adaptive framework could provide a general blueprint for next-485

generation scientific AI: systems that not only leverage existing486

data, but also embody, scrutinize, and expand the core princi-487

ples governing the natural world.488

Conclusion489

This work introduces OG-QIMP, a quantum-informed graph490

neural architecture that bridges explicit physical knowledge491

and data-driven learning for molecular property prediction. By492

embedding orbital overlap integrals and frontier energy de-493

scriptors directly into message passing, OG-QIMP achieves494

chemical interpretability while maintaining the flexibility of495

modern deep learning. The progressive physics-to-data weight-496

ing strategy enables the model to begin with quantum-497

mechanical consistency and gradually adapt to empirical cor-498

relations, delivering robust performance across in-distribution499

and out-of-distribution datasets. Comprehensive evaluations500

demonstrate that OG-QIMP surpasses state-of-the-art baselines501

in accuracy, generalization, and explainability, revealing atten-502

tion patterns that correspond closely to true chemical bonding503

interactions. Beyond molecule-level prediction, the framework504

lays the groundwork for a new generation of hybrid physi-505

cal–neural networks capable of learning transferable represen-506

tations across chemical and materials domains. By reconcil-507

ing theoretical rigor with predictive efficiency, OG-QIMP pro-508

vides a principled path toward data-efficient, transparent, and509

trustworthy molecular AI systems. Future directions include510

extending the methodology to reaction dynamics, integrating511

experimental noise models, and exploring its application to au-512

tomated molecular design where interpretability and generaliz-513

ability are critical for real-world scientific discovery.514

Methods515

Overview516

OG-QIMP (Orbital-Guided Quantum-Informed Molecular517

Predictor) combines explicit quantum-mechanical priors with518

hierarchical graph neural representations. The model takes as519

input molecular graphs enriched with orbital descriptors, per-520

forms orbital-informed message passing over multiple scales,521

* Repository link: https://github.com/CoderPowerBeyond/

OG-QIMP

and generates molecule-level embeddings for supervised pre- 522

diction of properties. Each part of the architecture is con- 523

structed to preserve physical interpretability while retaining the 524

flexibility needed to learn data-driven relationships. 525

The method comprises four main components: (1) Construc- 526

tion of quantum-informed input features; (2) Orbital-guided 527

message passing with progressive physics-to-data weighting; 528

(3) Reactivity-aware hierarchical pooling for molecular aggre- 529

gation, and (4) Multi-task supervised training with uncertainty- 530

based evaluation. We present main components of OG-QIMP 531

in Figure 1. We also provide notation illustrations in Table 3. 532

Molecular graph and quantum descriptors 533

Each molecule is represented as a graph G = (V,E), where V 534

denotes atoms and E denotes bonds. Beyond conventional el- 535

emental and topological features, every atom i ∈ V is further 536

annotated with quantum descriptors derived from Slater-type 537

orbital (STO) approximations 13. These descriptors include: 538

• Orbital overlap integrals S
(σ ,π)
i j =

∫

φ
(σ)
i (r)φ

(π)
j (r)dr for 539

bonded pairs (i, j) ∈ E, distinguishing σ -, π-, and non- 540

bonding contributions; 541

• Frontier orbital energies (EHOMO,ELUMO) and their differ- 542

ence ∆EHL characterizing reactivity. 543

All quantum quantities are precomputed once per molecule. 544

Average preprocessing time is approximately 0.3 s/molecule on 545

an NVIDIA A100 GPU (40 GB). 546

Orbital-guided message passing 547

Let h
(l)
i denote the hidden state of atom i at layer l. OG-QIMP 548

uses a multi-head attention mechanism, with distinct heads for 549

σ , π , and non-bonding interactions. The message from node j 550

to i in head t ∈ {σ ,π,nb} is: 551

m
(l,t)
i j = softmax j





(W
(l,t)
q h

(l)
i )⊤(W(l,t)

k h
(l)
j )

√
d

+βtS
(t)
i j



W
(l,t)
v h

(l)
j 552

where βt modulates the contribution from orbital overlap inte- 553

grals S
(t)
i j . The total message for atom i is the concatenation 554

across heads: 555

h
(l+1)
i = ReLU

(

W
(l)
r

[
⊕

t

∑
j∈N (i)

m
(l,t)
i j

]

)

+h
(l)
i 556

Residual connections preserve gradient flow and facilitate 557

deeper architectures. 558

Progressive physics-to-data weighting 559

To transition smoothly from physics-guided representations to 560

empirical pattern discovery, OG-QIMP implements a layerwise 561

weighting coefficient λl = l/L, with L the total number of lay- 562

ers. The composite layer objective balances reconstruction of 563

known orbital patterns and supervised property loss: 564

L
(l) = (1−λl)L

(l)
phys +λl L

(l)
sup, 565

L
(l)

phys =
1

|E| ∑
(i, j)∈E

∥

∥a
(l)
i j − S̃i j

∥

∥

2

2
566
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where a
(l)
i j are learned attention weights and S̃i j normalized or-567

bital overlaps. This formulation ensures early layers reproduce568

quantum-consistent bonding patterns while deeper layers pri-569

oritize predictive performance. During training, gradients from570

both objectives are propagated jointly.571

Reactivity-aware hierarchical pooling572

To derive molecular-level embeddings zG, we employ a three-573

stage hierarchical pooling:574

• Local reactivity pooling. Atom-level contributions are575

weighted by reactivity coefficients αi = softmax(wrhi +576

br) derived from HOMO/LUMO features.577

• Functional-group aggregation. Subgraph embeddings578

are clustered using learned attention masks to produce579

group-level vectors zFG.580

• Global Set2Set pooling 45 combines local and group581

embeddings into a molecular representation zG =582

Set2Set({zi,zFG}).583

This design captures interactions at multiple length scales, par-584

alleling the electronic–chemical–molecular hierarchy.585

Training objectives and optimization586

OG-QIMP supports both regression and classification tasks.587

For each molecule G, the supervised loss is588

Lsup =
1

N

N

∑
k=1

ℓ
(

ŷ
(k)
G ,y

(k)
G

)

589

where ℓ is the binary cross-entropy or mean-squared error, de-590

pending on task type. Total loss combines physics-informed591

reconstruction across all layers:592

Ltotal =
L

∑
l=1

[

(1−λl)L
(l)

phys +λlLsup

]

.593

We use the Adam optimizer (β1 = 0.9, β2 = 0.999) with ini-594

tial learning rate 3× 10−4. Weight decay is 1× 10−6. Early595

stopping is applied when validation loss fails to improve for 50596

epochs.597

Statistical analysis598

Reported p-values < 0.01 were considered significant. Error599

bands in all plots represent ±1 s.d. across replicates.600

Ethical and safety considerations601

All molecular datasets contain only therapeutically or envi-602

ronmentally benign compounds. Toxins, explosives, or con-603

trolled substances were explicitly excluded from training. Hy-604

perparameter searches were limited to avoid excessive compu-605

tational energy consumption (≤500kWh total). Reproducibil-606

ity artifacts (code, data, Docker images) are publicly accessi-607

ble under a research-only license at https://github.com/608

CoderPowerBeyond/OG-QIMP.609
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and Stephan Günnemann. Fast and uncertainty-aware di- 763

rectional message passing for non-equilibrium molecules. 764

arXiv preprint arXiv:2011.14115, 2020. 765

11



[40] Xu Han, Ming Jia, Yachao Chang, Yaopeng Li, and766

Shaohua Wu. Directed message passing neural network767

(d-mpnn) with graph edge attention (gea) for property768

prediction of biofuel-relevant species. Energy and AI,769

10:100201, 2022.770

[41] Shengchao Liu, Hanchen Wang, Weiyang Liu, Joan771

Lasenby, Hongyu Guo, and Jian Tang. Pre-training772

molecular graph representation with 3d geometry. arXiv773

preprint arXiv:2110.07728, 2021.774

[42] Yuyang Wang, Jianren Wang, Zhonglin Cao, and Amir775

Barati Farimani. Molecular contrastive learning of rep-776

resentations via graph neural networks. Nature Machine777

Intelligence, 4(3):279–287, 2022.778
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Appendix886

A.1 Problem definition and notational conven-887

tions888

Let D = {(Gi,yi)}N
i=1 denote a dataset of N molecular graphs,889

where Gi = (Vi,Ei). Each node v j ∈Vi represents an atom with890

features x j ∈R
dx , and each edge (u,v)∈ Ei represents a chemi-891

cal bond. The scalar or vector label yi corresponds to a quantum892

or macroscopic molecular property (e.g., HOMO–LUMO gap,893

solubility, or bioactivity).894

Each model layer l maintains atomic embeddings895

h
(l)
v ∈ R

dh and bond contextual features b
(l)
uv . Total896

number of message-passing layers is L. Throughout897

this appendix we use N (v) = {u | (u,v) ∈ E}, S
(t)
uv ,898

for orbital overlap integrals of type t ∈ {σ ,π,nb}.899

A.2 Quantum-informed feature initialization900

To anchor the embedding space in physical signal, the initial-901

ization of atomic states uses a physically motivated basis:902

h
(0)
v = [xv; EHOMO,v; ELUMO,v; µv; qv], (1)903

where µv and qv are atomic dipole and partial charge estimates904

computed from semi-empirical xTB calculations 46. All en-905

ergy quantities are normalized as E ′ = (E − Ē)/σE within each906

batch to stabilize training.907

A.3 Orbital-guided multi-head attention908

OG-QIMP interprets bond communication as a learned opera-909

tor acting on the space of atomic orbitals. For head type t (σ ,910

π , non-bonding), we define an attention score911

a
(l,t)
uv =

(W
(l,t)
q h

(l)
u )⊤(W(l,t)

k h
(l)
v )√

dh

+βtS
(t)
uv , (2)912

where W
(l,t)
q , W

(l,t)
k are projection matrices and βt scales the ex-913

plicit orbital prior. Applying softmax normalization over neigh-914

bors yields normalized attention coefficients915

α
(l,t)
uv =

exp(a
(l,t)
uv )

∑w∈N (u) exp(a
(l,t)
uw )

. (3)916

Messages are computed as917

m
(l)
u =

∥

∥

t∈T ∑
v∈N (u)

α
(l,t)
uv W

(l,t)
v h

(l)
v . (4)918

Residual update with non-linearity: 919

h
(l+1)
u = ReLU

(

W
(l)
r m

(l)
u

)

+h
(l)
u . 920

A.4 Connection between attention and Hamilto- 921

nian operators 922

We formalize the link between OG-QIMP’s attention scores 923

and the quantum mechanical Hamiltonian Ĥ. For a given pair 924

of basis functions (φi,φ j), the off-diagonal Hamiltonian ele- 925

ment is: 926

Hi j =
∫

φ ∗
i (r) Ĥ φ j(r)dr. 927

Within the tight-binding approximation, Hi j is often propor- 928

tional to the overlap Si j. The attention mechanism implicitly 929

learns a transformation A : (i, j) 7→ αi j. When βt > 0 and 930

W
(l,t)
q ,W

(l,t)
k are initialized to identity, αi j approximates a nor- 931

malized function of Hi j: 932

α
(l,t)
i j ≈ exp(γHi j)

∑k exp(γHik)
, 933

where γ absorbs scaling terms. Thus, attention coefficients 934

can be interpreted as a differentiable stochastic estimate of the 935

Hamiltonian interactions electing electron transfer probability 936

between atomic sites. This connection formalizes the claim 937

that OG-QIMP learns a neural approximation to operator-level 938

quantum coupling. 939

A.5 Progressive physics-to-data loss derivation 940

The overarching training objective balances physical faithful- 941

ness and predictive performance. Formally, 942

Ltotal =
L

∑
l=1

[

(1−λl)L
(l)

phys +λl L
(l)

sup

]

, λl =
l

L
. (5) 943

A.5.1 Physics regularizer. For each layer l the physical re- 944

construction loss penalizes deviation from normalized overlap 945

values: 946

L
(l)

phys =
1

|E| ∑
(i, j)∈E

∥α
(l)
i j − S̃i j∥2

2, 947

where S̃i j = (Si j − S̄)/σS. This term ensures that attention maps 948

mimic physically plausible bonding distributions. 949

A.5.2 Supervised objective. For task-specific labels yG, 950

L
(l)

sup = EG∼D

[

ℓ( f
(l)
θ (G), yG)

]

, 951

where ℓ(·) is cross-entropy for classification or MAE for re- 952

gression and f
(l)
θ is the network prediction of partial output af- 953

ter layer l. 954

The weighting coefficient λl implements a linear annealing 955

from physical regularization toward empirical supervision: 956

dλl

dl
=

1

L
> 0, 957

guaranteeing monotonic increase in empirical influence with- 958

out abrupt shifts. 959
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Table 3: Summary of symbols and notation. Key mathematical symbols used throughout the manuscript.

Symbol Definition

D = {(Gi,yi)}N
i=1 Dataset of N molecular graphs Gi with corresponding molecular property labels yi.

G = (V,E) Molecular graph, where V and E represent sets of atoms (nodes) and chemical bonds (edges).

h
(l)
v ∈ R

dh Hidden representation of atom v at layer l.

b
(l)
uv Edge (bond) feature for atomic pair (u,v) at layer l.

S
(t)
i j Orbital overlap integral between orbitals of type t ∈ {σ ,π,nb} for atoms i and j.

θt Learnable term weighting the influence of orbital overlap term S
(t)
i j within each attention head.

λl = l/L Layer-wise progressive coefficient controlling physics–to–data transition (L: total layers).

a
(l,t)
i j Raw attention score between atoms i and j for head type t in layer l.

α
(l,t)
i j Normalized attention coefficient for edge (i, j) under orbital head t.

m
(l,t)
i j Message passed from node j to node i through head t at layer l.

Att(t) Orbital-decomposed attention operator for type t ∈ {σ ,π,nb}.

EHOMO, ELUMO Frontier orbital energies: highest occupied and lowest unoccupied molecular orbitals.

∆EHL HOMO–LUMO gap, representing electronic reactivity: ∆EHL = ELUMO −EHOMO.

βi Atom-level reactivity coefficient derived from attention pooling.

zG Molecular embedding obtained after hierarchical pooling (Set2Set, Orbital, Reactivity).

fθ : M → Y Neural mapping from molecular structures M to properties Y parameterized by θ .

Lsup Supervised task loss (mean squared error for regression; cross-entropy for classification).

Lphys Physics reconstruction loss aligning attention weights with orbital overlaps.

Ltotal Composite training objective: ∑
L
l=1[(1−λl)L

(l)
phys +λlLsup].

Iphysics, Itask Layer-wise metrics for physical consistency and task relevance.

ΩOAC Overlap–attention correlation quantifying alignment between learned and quantum overlaps.

R( f ;P) Expected predictive risk of model f under data distribution P.

H Quantum Hamiltonian operator governing electronic energy.

φi(r) Basis function (atomic orbital) of atom i in spatial coordinates r.

Hi j =
∫

φ∗
i (r)H φ j(r)dr Off-diagonal Hamiltonian term proportional to orbital overlap Si j .

n, d, H, L Number of atoms, average bond degree, attention heads, and network layers.

O(LHdn) Computational complexity of one forward–backward training iteration.

A.6 Optimization dynamics960

Let θ denote all learnable parameters. The gradient of the total961

loss follows:962

∇θ Ltotal =
L

∑
l=1

[

(1−λl)∇θ L
(l)

phys +λl∇θ L
(l)

sup

]

.963

During early training, λl small ⇒ gradients dominated by964

∇Lphys, stabilizing physical alignment. As optimization pro-965

ceeds, gradient mass shifts to ∇Lsup, permitting data-driven966

feature discovery. This behaves analogously to a curriculum967

learning schedule traversing from theory-driven to empirically968

guided optimization.969

A.7 Hierarchical reactivity pooling formalism970

Given atomic embeddings {h
(L)
i }, the molecular representation971

zG is constructed as:972

z1 = ∑
i

αih
(L)
i , αi =

exp(w⊤
r h

(L)
i )

∑ j exp(w⊤
r h

(L)
j )

,973

zG = Set2Set(z1,T ) =
T

∑
t=1

GRU(qt , zt−1), (6)974

where qt denotes attention queries updated via a gated recur-975

rent unit (GRU) over T iterations. This ensures permutation976

invariance of pooled molecular embeddings.977

A.8 Theoretical properties978

Theorem 1 (Quantum Eigenfunction Learning). Orbital-

guided attention learns a variational approximation to the

ground state wavefunction with error bound:

∥ÂOG −Ψ0∥2 ≤
C√

n
+O(λ 2

L )

satisfying the variational principle E[ÂOG]≥ E0 for chemically 979

meaningful representations. 980

Theorem 2 (Optimal Progressive Weighting). Linear weight- 981

ing λl = l/L minimizes composite loss Ltotal = Ltask + β · 982

KL(Plearned ||Pphysics) among all monotonic functions, optimally 983

balancing task performance with physical consistency. 984

Proposition 1 (Energy consistency). If the overlap–attention 985

correlation ρ(α,S)> 0 at each layer and λ1 → 0, the learned 986

representation conserves pairwise interaction energies up to a 987

factor O((1−λL)). Proof sketch. Since early layers minimize 988

Lphys, the attention kernel approximates S. Given tight-binding 989

proportionality Hi j ∝ Si j, the expectation of predicted energy 990

E[Epred] differs from quantum reference EQM by a residual de- 991

creasing with λ1. 992

Proposition 2 (Progressive universality). Assume base 993

GNN layer is a universal approximator on bounded graphs 47. 994

Then the composite loss with λl = l/L preserves universality 995

as L → ∞, while enforcing physical bias in the limit l/L → 0. 996

Sketch. Because (1 − λl) decays linearly, asymptotic layer 997

capacity converges to purely data-driven expressivity. Hence 998

OG-QIMP spans the convex hull between physically con- 999

strained and universal representations. 1000

A.9 Out-of-distribution generalization theorem 1001

Let Ptrain and Ptest denote training and shifted molecular dis- 1002

tributions. Define risk R( f ;P) = EP [ℓ( f (G),y)]. Under the 1003
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assumption that the physical overlap kernel captures invariant1004

structural relations, the risk difference satisfies1005

R( fOG-QIMP;Ptest)−R( fOG-QIMP;Ptrain)≤C(1− λ̄ )∥∆QM∥2,1006

where ∆QM quantifies deviation in overlap distributions be-1007

tween domains and λ̄ = 1
L ∑l λl . Thus, incorporating physical1008

priors mitigates sensitivity to distribution shift.1009

A.10 Computational complexity1010

For molecule of n atoms with maximum degree d, attention1011

computation per layer scales as O(Hdn), where H is number of1012

heads. Computing orbital overlaps Si j scales as O(dn) with low1013

constant factor due to analytic STO integrals. Overall training1014

complexity: O(LHdn). Empirically, OG-QIMP is 1.8× slower1015

than a standard GAT 12, but yields > 25% higher OOD robust-1016

ness.1017

A.11 Relation to existing models1018

Relative to established message-passing and physics-informed1019

approaches, OG-QIMP introduces a progressive physics-to-1020

data paradigm that embeds quantum-mechanical structure di-1021

rectly into representation learning. (1) Compared to SchNet,1022

which parameterizes continuous radial filters over interatomic1023

distances, OG-QIMP replaces purely distance-based filters1024

with orbital-overlap kernels grounded in quantum overlap in-1025

tegrals. This substitution injects discrete chemical semantics1026

(e.g., σ/π and bonding/nonbonding character) into early rep-1027

resentations, yielding features that align with molecular or-1028

bital theory rather than generic distance encodings. (2) In1029

contrast to architectures such as DimeNet and GemNet that1030

hard-code angular potentials via explicit spherical harmonics1031

and angle-based message functions, OG-QIMP learns angular1032

dependencies implicitly through multi-head attention guided1033

by orbital theory. Attention heads are modulated by overlap-1034

informed cues, shifting angular reasoning from manual po-1035

tential design to data-driven mechanisms that remain physics-1036

aware. (3) Unlike standard physics-informed neural networks1037

(PINNs), which impose differential equation residuals as loss1038

constraints, OG-QIMP constrains intermediate representations1039

through quantum-informed priors and a linear progressive1040

weighting scheme. By enforcing physically interpretable sub-1041

spaces early and gradually relaxing toward data-adaptive trans-1042

formations, the model captures regimes where governing PDEs1043

or mean-field approximations are only approximate, while pre-1044

serving robustness and transferability.1045

Together, these design choices reconcile quantum-chemistry1046

priors with deep learning flexibility: early layers provide inter-1047

pretable, transferable orbital semantics, whereas deeper layers1048

refine these signals through learned transformations, yielding1049

improved generalization under distribution shift beyond what1050

is attainable with distance-only filters, hand-crafted angular po-1051

tentials, or loss-only PDE constraints.1052

A.12 Interpretability quantification1053

We quantify physical consistency using overlap–attention cor-1054

relation (OAC) defined as:1055

OAC(l) =
∑(i, j)(α

(l)
i j − ᾱ(l))(Si j − S̄)

√

∑(α
(l)
i j − ᾱ(l))2

√

∑(Si j − S̄)2

.1056

OAC values range 0–1; higher indicates stronger adherence 1057

to quantum bonding patterns. Empirically, OG-QIMP yields 1058

OAC(3) ≈ 0.85, surpassing baseline GNNs (< 0.3). 1059

A.13 Gradient attribution and visualization met- 1060

rics 1061

The molecular saliency ri is defined via Integrated Gradients48: 1062

ri = (h
(L)
i −h

(0)
i )

∫ 1

α=0
∇

h
(α)
i

f (h(α))dα, 1063

providing atom-level contribution to property prediction. Over- 1064

lay of ri on 3D structures yields interpretable maps aligning 1065

with chemical reactivity centers. 1066

A.14 Summary of theoretical guarantees 1067

In summary: 1068

1. Operator analogy: attention acts as a stochastic estimator 1069

of Hamiltonian interactions. 1070

2. Energy preservation: early-layer alignment maintains 1071

approximate energy conservation. 1072

3. Progressive universality: the λl schedule interpolates 1073

between physics-limited and universal approximation 1074

regimes. 1075

4. Bounded distribution shift: physical priors reduce risk 1076

under domain shift by a factor proportional to (1− λ̄ ). 1077

Combined, these properties formally justify OG-QIMP’s ob- 1078

served interpretability and robustness described in the main 1079

text. 1080

A.15 Related Work 1081

Graph neural networks have revolutionized molecular property 1082

prediction, evolving from simple message passing architectures 1083

like GCN 49 and GAT 50 to sophisticated models incorporating 1084

physical constraints. SchNet 13 and DimeNet 51 leverage 3D 1085

coordinates, while recent transformer-based approaches 52, 53
1086

and foundation models like MolFormer 54 achieve impres- 1087

sive scale. GPS++ 55 introduces powerful graph transform- 1088

ers and GeoT 56 combines geometric and topological infor- 1089

mation. However, these architectures fundamentally rely on 1090

correlation-based learning, making them vulnerable to spuri- 1091

ous patterns and distribution shifts when encountering novel 1092

chemical spaces. 1093

Physics-informed molecular modeling has improved ac- 1094

curacy through incorporating quantum mechanical princi- 1095

ples 57–61. OrbNet 62 operates on quantum features, while 1096

PaiNN 63 and NequIP 64 build in physical symmetries. Recent 1097

advances include MatterGen 57 and AlphaFold3 61. However, 1098

existing methods face critical limitations: they treat quantum 1099

constraints as static priors, creating tension between physical 1100

consistency and expressiveness. This binary paradigm, where 1101

physics either dominates or is absent, fails to recognize that dif- 1102

ferent network depths should capture different abstraction lev- 1103

els. Early layers require strong physical guidance for orbital 1104

interactions, while deeper layers need flexibility for emergent 1105

patterns. 1106
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Figure 6: Layer-wise interpretability and attention evolution in OG-QIMP. (a) Normalized metrics demonstrating the pro-

gressive transition from physics-guided to task-oriented learning across 12 layers. The physical alignment metric Iphysics (green)

decreases from 1.0 to near 0, while task relevance Itask (red) increases from 0 to approximately 0.25, with crossover occurring at

layer 6, validating our linear weighting schedule λl = l/L. (b) t-SNE projections of hidden representations from layers 1, 3, 6, 9,

and 12, showing gradual tight of molecular embeddings as representations evolve from dispersion, physically-widely distributed

features in early layers (light blue) to task-adapted, constrained clusters in deeper layers (dark blue). (c) Attention heatmaps

revealing the evolution of learned interaction patterns: early layers capture local chemical bonding with strong diagonal elements

and nearest-neighbor connections, while later layers develop distributed attention incorporating both local and long-range molec-

ular correlations for task-specific predictions.

Table 4: Hyperparameter settings and corresponding performance on BACE. Each row shows the hyperparameter values (e.g.,

hidden dimension, number of layers, attention heads, and dropout rate) and their respective performance (mean ± standard

deviation).

Hyperparameter Hidden Dimension Number of Layers Attention Heads Dropout Rate

Setting 32 4 6 0.0

Performance 0.889±0.010 0.907±0.017 0.914±0.004 0.898±0.009

Setting 64 8 8 0.1

Performance 0.914±0.004 0.880±0.011 0.892±0.002 0.914±0.0.004

Setting 128 12 10 0.2

Performance 0.894±0.017 0.914±0.004 0.882±0.006 0.884±0.013

Setting 256 14 12 0.3

Performance 0.886±0.016 0.882±0.006 0.905±0.011 0.885±0.025

Current approaches36 suffer from single-scale representation1107

bottlenecks. Molecular properties emerge from complex inter-1108

play across quantum electron distributions, molecular confor-1109

mations, and intermolecular interactions. Methods operating at1110

single resolutions 14, 38 miss crucial cross-scale dependencies.1111

Drug-target binding depends simultaneously on local hydrogen1112

bonding (quantum scale), shape complementarity (molecular1113

scale), and solvation effects (mesoscale), explaining why ex-1114

isting methods fail on multi-property prediction. Additionally,1115

the interpretability paradox persists. Thus incorporating phys-1116

ical constraints doesn’t yield interpretable models. Methods1117

adding orbital features 62 still produce black-box predictions1118

with physics entangled opaquely.1119

OG-QIMP addresses these limitations through three syner-1120

gistic innovations. First, progressive physics-data transition1121

(λ (l) = l/L) enables each layer to optimally balance physical1122

constraints with data-driven refinement, smoothly transition-1123

ing from quantum foundations to task-specific patterns. Sec-1124

ond, hierarchical multi-scale architecture explicitly captures1125

quantum (orbital attention, layers 1-4), molecular (hybrid fu-1126

sion, layers 5-8), and pharmacological (task optimization, lay-1127

ers 9-12) scales with chemically-motivated pooling mecha-1128

nisms. Third, intrinsically interpretable orbital decomposition1129

factorizes attention into σ , π , and non-bonding components1130

with direct chemical meaning, attention weights correlate with1131

DFT-computed orbital coefficients. These innovations establish1132

“quantum-informed intelligence”, models that learn like neural1133

networks but reason like quantum chemists, where physics and 1134

machine learning synergistically enhance rather than constrain 1135

each other. 1136

A.16 Experiments 1137

Datasets and Evaluation 1138

We evaluate OG-QIMP on seven molecular property predic- 1139

tion benchmarks from MoleculeNet, covering diverse pharma- 1140

ceutical and toxicological endpoints. The datasets span a wide 1141

range of molecular sizes and task complexities: BACE (1,513 1142

molecules) for binary classification of β -secretase inhibitors 1143

relevant to Alzheimer’s disease, BBBP (2,039 molecules) for 1144

blood-brain barrier permeability prediction, ClinTox (1,478 1145

molecules) with 2 binary tasks assessing clinical trial toxic- 1146

ity, SIDER (1,427 molecules) containing 27 binary tasks for 1147

marketed drug side effects, Tox21 (7,831 molecules) with 12 1148

binary tasks measuring toxicity against nuclear receptors and 1149

stress response pathways, HIV (41,127 molecules) for binary 1150

classification of HIV replication inhibition, and MUV (93,087 1151

molecules) comprising 17 binary tasks from PubChem bioas- 1152

says designed to be challenging for virtual screening. This di- 1153

verse collection enables comprehensive evaluation across dif- 1154

ferent molecular property prediction scenarios, from small fo- 1155

cused datasets requiring strong inductive bias to large-scale 1156

screening tasks demanding computational efficiency. Scaffold 1157

16



split (80/10/10) ensures realistic evaluation by placing struc-1158

turally distinct molecules in different sets. ROC-AUC for clas-1159

sification tasks, with 5 random seeds for statistical significance.1160

Implementation Details of OG-QIMP1161

We conducted hyperparameter study and show results in Ta-1162

ble 4. We provide specific details of our model’s hyperpa-1163

rameter settings as follows: Architecture specifications. OG-1164

QIMP employs a 12-layer architecture with hidden dimension1165

d = 64, split evenly between 6 physics-constrained layers uti-1166

lizing 3 orbital-specific attention heads and 6 data-driven lay-1167

ers with 6 standard attention heads. Dropout rates increase1168

from 0.1 in early layers to 0.2 in late layers, with GELU ac-1169

tivation throughout. Molecular featurization combines three1170

complementary representations: 78-dimensional node features1171

encoding atomic properties (atomic number, degree, formal1172

charge, hybridization, aromaticity, ring membership, chiral-1173

ity, Gasteiger partial charge, atomic mass, van der Waals ra-1174

dius, covalent radius, and electrone gativity), 12-dimensional1175

edge features capturing bond characteristics (bond type, con-1176

jugation, ring membership, stereochemistry, and bond length),1177

and orbital features computed via PM6 semiempirical meth-1178

ods providing HOMO/LUMO coefficients and energies. Train-1179

ing procedure utilizes AdamW optimizer with learning rate1180

10−4 and weight decay 10−5, combined with cosine anneal-1181

ing with warm restarts for learning rate scheduling. Models1182

are trained with batch size 32 using gradient accumulation to1183

achieve an effective batch size of 128, running for a maxi-1184

mum of 300 epochs. All experiments were conducted on a1185

single NVIDIA H800 GPU (80GB), demonstrating the com-1186

putational efficiency of our approach despite the additional or-1187

bital calculations. The progressive weighting schedule λl = l/L1188

is applied during training to smoothly transition from physics-1189

constrained to data-driven learning, ensuring stable conver-1190

gence while maintaining physical interpretability.1191
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