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The Curse: Data Scarcity REIRHIR AR
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Zhang et al. Self-Consistency Training for Density-Functional-Theory Hamiltonian Prediction. /CML, 2024.




Physical-Law Training for Electronic Structure ®&iA#%% » fiuszkhazn

« Self-consistency training for Hamiltonian prediction:

Lself_con(g) = Hﬁe(R) — Hg (CR (ﬁg (R))) Hz .

« Label-free: distinction from predicting other properties.
* Not just a regularization: it fully determines the solution.
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- Generalization beyond available data

Largest labeled dataset (< 31 atoms) + unlabeled molecules > test on larger molecules

Hamiltonian Derived properties
—— [ . 1
Molecule Sctling H [/IE},] i € [/IE},] l C [%] T EHOMO [/lEh] J, ELUMO [/’Eh] l, EA [/11‘;1,] l.
ALA3 (42 zero-shot 23771 6.54x10°  52.24 6.90x10° 9.51x10* 9.79% 10%
~ atoms) self-con 5249  1.22x10°  94.46 2.07x103 3.76x10° 2.69%10°
(56 zero-shot 397.87  1.84x10%* 20.15 1.11x104 1.90x10° 1.85x10°
DHA atoms) self-con 56.12 1.81x10° 83.51 1.99%10° 4.01x103  2.34x10°




Physical-Law Training for Electronic Structure = “EfA#7R fAHzBAzr

- Amortization effect: more efficient than running DFT to generate labels.

Label the
Lself—con on unlabeled
— unlabeled T while Ly

0.081
0.06
0.004
0.002+

.. 0-000 325500 50000 75000 10000015000
supervision Computation time (s)

molecules: R@ R® RG) R® RG) ROG R@® RG RO R@0) R11) R(12)

supervision
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Physical Law for Microscopic Properties RETRHIR T RR TR

Passing physical-law information to microscopic properties

labeled dataset (< 31 atoms) + unlabeled molecules > test on larger molecules

Molecule Setting enoMmo [tEy) L eLumo [nEn] L €a [nEw] L
self-con 2.07x10° 3.76x10° 2.69x%10°

42ALA3 e2e (ET) 1.74x10° 772x10®  2.38x10°
(42 atoms) o>, (Equiformer)  2.38x10° 1.16x10* 2.27x10°
self-con 1.99% 103 4.01x10° 2.34x10°

(56Dal:§ms) e2e (ET) 2.92x 10f‘ 2.58x10* 3.39x10°
e2e (Equiformer)  3.76x10° 2.31x10* 4.17x10°
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Thermodynamic Ensemble REIRHIR AR

« A molecule exists in real world with structures R following a distribution.

- More detailed description/knowledge
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https://en.wikipedia.org/wiki/
Ensemble_(mathematical_phy
sics)
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Connection between Structure and Energy RETIHTI TR R

- Optimality consistency:
R* = argmin E(R) > mgn E max{0, E(Ry) — E(R; +n)}.
R
Dg(€, t) forlarget = T.

- Score consistency:
R* ~ ex (— @) forsmall7 2 minE ”Vlo (R) +
pl—= in Eg ||Vlogpg

VE(R) ” 2
k7l -

a; Dg(Rt) —R
- 922 )R for small ¢ ~ 0
t

Ren et al. Physical Consistency Bridges Heterogeneous Data in Molecular Multi-Task Learning. Neur/PS, 2024.



Accuracy beyond Training Data REIRHIR AR

Evaluation:
error w.r.t high-accuracy structure
Test Set PCQ QM9

Struct. Stat. Mean  Min Mean Min

low-accuracy structure data 1.189  0.655 0.928 0.545
+high-accuracy energy data 1.158 0.645  0.848 0.490

Training:

Ren et al. Physical Consistency Bridges Heterogeneous Data in Molecular Multi-Task Learning. Neur/PS, 2024.



Problem with Learning Thermodynamic Ensemble
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« Data are biased from finite-length simulation
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Connection between Distribution and Energy  “EIA#ZR T 2dzxhRLi

E(Ro)).

 Energy function defines the target: p,(R,) « exp (— T

« Diffusion-model learning target:

|59(Rt» t) — ait\Vlog pO(RO)} ”2

sg(R¢, ) = argmin E, (r )p(R,|R,)
6 \ )

Y
~ q(Ry) __VE(Ry)
data distribution kT

« Energy function corrects data bias:
2 2
”Sedebiased (Rt’ t) -V log pt(Rt)” = ”Sedata (Rt’ t) -V log pt(Rt)” .

SQdebiased (Rt’ t) -

Guo et al. Potential Score Matching: Debiasing Molecular Structure Sampling with Potential Energy Guidance. TMLR, 2025.



Accuracy beyond Training Data
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Guo et al. Potential Score Matching: Debiasing Molecular Structure Sampling with Potential Energy Guidance. 7TMLR, 2025.
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Lewis et al., Scalable emulation of protein equilibrium ensembles with generative deep learning, Science, 2025.
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Lewis et al., Scalable emulation of protein equilibrium ensembles with generative deep learning, Science, 2025.




Physical Law: Reasoning in Scientific Computin
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