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AI for Scientific Computation

Macroscropic 
properties

Thermodynamic 
ensemble

Microscopic 
properties

Electronic 
structure

Hamiltonian prediction:
scalability

Learned functional:
accuracy

ML force field: 
accuracy

Structure prediction and 
sampling:
accuracy & scalability

Macroscopic property
prediction:
scalability



The Curse: Data Scarcity
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The Blessing: Physical Laws!
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Electronic Structure
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Schrödinger equation:
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Density functional theory:
𝐸 = min

𝐂: /012/3/0456
𝐸𝐑 𝐂

è 𝐇𝐑 𝐂 𝐂 = 𝐒 𝐂 𝛜 

Lagrange 
multiplier∇𝐂constraint∇𝐂𝐸𝐑 𝐂

Self-Consistent Field
Iteration
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Hamiltonian 
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Hamiltonian 
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Supervised 
Training

Physical-law 
Training!

Zhang et al. Self-Consistency Training for Density-Functional-Theory Hamiltonian Prediction. ICML, 2024.



• Self-consistency training for Hamiltonian prediction:

𝐿2345_789 𝜃 = !𝐇: 𝐑 − 𝐇𝐑 𝐂𝐑 !𝐇: 𝐑
;

%
.

• Label-free: distinction from predicting other properties.
• Not just a regularization: it fully determines the solution.

Physical-Law Training for Electronic Structure



Physical-Law Training for Electronic Structure

� Generalization beyond available data

Hamiltonian Derived properties

Largest labeled dataset (≤ 31 atoms) + unlabeled molecules à test on larger molecules

(42 
atoms)

(56 
atoms)



Physical-Law Training for Electronic Structure

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

Self-consistency training:

DFT calculation:

𝐑 ) 𝐑 * 𝐑 ))𝐑 )(𝐑 + 𝐑 , 𝐑 - 𝐑 . 𝐑 / 𝐑 0 𝐑 1 𝐑 )*molecules:
supervision

supervision



Physical Law for Microscopic Properties

� Passing physical-law information to microscopic properties

(42 atoms)

(56 atoms)

labeled dataset (≤ 31 atoms) + unlabeled molecules à test on larger molecules



The Blessing: Physical Laws!
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• A molecule exists in real world with structures 𝐑 following a distribution.

Thermodynamic Ensemble

https://en.wikipedia.org/wiki/
Ensemble_(mathematical_phy
sics)

𝐑 "

𝐑 &

…

• More detailed description/knowledge



Data Heterogeneity: Energy and Equilibrium Structure
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Connection between Structure and Energy

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

� Optimality consistency:
𝐑⋆ = argmin

𝐑
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� Score consistency:
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Accuracy beyond Training Data

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

Evaluation:
error w.r.t high-accuracy structure

low-accuracy structure data
+high-accuracy energy data

Training:



Problem with Learning Thermodynamic Ensemble

• Data are biased from finite-length simulation

target distr.
data distr. data distr.

target distr



• Energy function defines the target: 𝑝B 𝐑B ∝ exp − " 𝐑%
#𝒯

.

• Diffusion-model learning target:

𝐬& 𝐑,, 𝑡 → argmin
&

𝔼-2 𝐑2 - 𝐑3|𝐑2 𝐬& 𝐑,, 𝑡 − "
/3
∇ log 𝑝0 𝐑0

+
.

• Energy function corrects data bias:

𝐬&&'()*+'& 𝐑,, 𝑡 − ∇ log 𝑝, 𝐑,
+
≤ 𝐬&4565 𝐑,, 𝑡 − ∇ log 𝑝, 𝐑,

+.

Connection between Distribution and Energy

− ∇' 𝐑2
(𝒯

  ≈ 𝑞 𝐑:
data distribution 

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

𝐬&47895:74 𝐑,, 𝑡  →



Accuracy beyond Training Data

target distr.
data distr. data distr.

target distrtarget distr.
learned distr.

target distr.
learned distr.

Guo et al. Potential Score Matching: Debiasing Molecular Structure Sampling with Potential Energy Guidance. TMLR, 2025.
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Stability Calculation from Ensemble Model

Lewis et al., Scalable emulation of protein equilibrium ensembles with generative deep learning, Science, 2025.

Thermodynamic 
ensemble 𝑝9 𝐑  

Folding free energy Δ𝐺 = log ;;<=474
;>?;<=474

can be experimentally measured!
Stability log ;;<=474

;>?;<=474

Foldedness
𝑥 = 𝑓 𝐑  

𝑝</6=>=,  𝑝?3</6=>=

Regularize/
calibrate

outperforms black-box methods that 
directly predict ∆𝐺 from sequences.

Δ𝐺 calculation



Stability Calculation from Ensemble Model

Lewis et al., Scalable emulation of protein equilibrium ensembles with generative deep learning, Science, 2025.
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ΔΔ𝐺 calculation (mutation-caused stability 
change) with explanation



Physical Law: Reasoning in Scientific Computing

conformational 
space

level of 
accuracy

property space
(energy, structure, 

Hamiltonian, …)

Even more axes:
system scale, temperature/pressure, reaction, 
solution environments, ...

: available dataset

chemical space

system 
domain

: model capability
with physical law



无法显示该图片。

Thank you


