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Lecture 6

Is your data sufficient for ML? 
Getting data
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Farthest-point sampling
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Distances in two dimensional space

( ) ( )å -=
M

MMMM
N

aiiaD
b

bb
2

,,,

P. O. Dral, A. Owens, S. Yurchenko, W. Thiel, J. Chem. Phys. 2017, 146, 244108
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Model Selection

Figure by Dan Kernler [CC BY-SA 4.0], from Wikimedia Commons

Random sampling for 
model selection is
not always a good idea

Sometimes,
stratification is 
preferable
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How would you proceed to create good models when you are limited to small 
data?
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Curse of Dimensionality

To keep the same sampling density with 
increasing number d of dimensions you need 
to sample Nd training point.

Thus, in high dimensions you can only afford 
very, very 
sparse sampling

Hastie, Tibshirani, Friedman, The Elements of Statistical Learning: Data Mining, 
Inference, and Prediction. 2nd ed.; Springer-Verlag, 2009
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Traditional 
reparametrization
(molecule-specific 

orbital exponents in 
the basis set)

6.3

2.1
2.5

1.7

Improving Hamiltonian

P. O. Dral, O. A. von Lilienfeld, W. Thiel, J. Chem. Theory Comput. 2015, 11, 2120
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Multi-fidelity data: Δ-learning

Figure: Pavlo O. Dral, Tetiana Zubatiuk, Bao-Xin Xue, Learning from multiple quantum 
chemical methods: Δ-learning, transfer learning, co-kriging, and beyond. In Quantum 
Chemistry in the Age of Machine Learning, Pavlo O. Dral, Ed. Elsevier: 2023. Paperback 
ISBN: 9780323900492

Δ-learning: R. Ramakrishnan, P. O. Dral, M. Rupp, O. A. von Lilienfeld, 
J. Chem. Theory Comput. 2015, 11, 2087

H2 dissociation curve

HF
HF

HF
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Automatic procedure to find optimal training 
points for each delta-model

Hierarchical ML (hML): generalized Δ-learning

hML for H2

Figure: Pavlo O. Dral, Tetiana Zubatiuk, Bao-Xin Xue, Learning from multiple quantum 
chemical methods: Δ-learning, transfer learning, co-kriging, and beyond. In Quantum 
Chemistry in the Age of Machine Learning, Pavlo O. Dral, Ed. Elsevier: 2023. Paperback 
ISBN: 9780323900492

Hierarchical ML: P. O. Dral, A. Owens, A. Dral, 
G. Csányi, J. Chem. Phys. 2020, 152, 204110

hML = ∆!HF + ∆HFFCI
HF

HF
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P. O. Dral, A. Owens, A. Dral, G. Csányi, J. Chem. Phys. 2020, 152, 204110

Δ-ML models:
saved 99% of CPU-time
Weighted RMSE:
1.12 cm−1 = 0.003 kcal/mol

Pure ML-model trained on saved 
90% of CPU-time

Weighted RMSE:
3.49 cm−1 = 0.01 kcal/mol

Hierarchical ML for CH3Cl PES

1

2

3

eq 4

5

6

Structure-based sampling:
P. O. Dral, A. Owens, S. N. Yurchenko, W. 
Thiel, J. Chem. Phys. 2017, 146, 244108
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Multi-fidelity data: Transfer learning

Figures: Pavlo O. Dral, Tetiana Zubatiuk, Bao-Xin Xue, Learning from multiple quantum 
chemical methods: Δ-learning, transfer learning, co-kriging, and beyond. In Quantum 
Chemistry in the Age of Machine Learning, Pavlo O. Dral, Ed. Elsevier: 2023. Paperback 
ISBN: 9780323900492
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Design

P. Zheng, R. Zubatyuk, W. Wu, O. Isayev, P. O. Dral, Nat. Commun. 2021, 12, 7022
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Models implemented/interfaced in MLatom
not implemented in MLatom

Categories of machine learning potentials

Figure based on M. Pinheiro Jr, 
F. Ge, N. Ferré, P. O. Dral, M. 
Barbatti. Chem. Sci. 2021, 
12, 14396–14413

Data ?
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initial 
data

ML 
potential simulate converged?

Yes

No

label 
new 

points

final ML 
potential

Physics-informed active learning

Y.-F. Hou, L. Zhang, 
Q. Zhang, F. Ge, 
P. O. Dral, 
arXiv:2404.11811.
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initial 
data

ML 
potential simulate converged?

Yes

No

label 
new 

points

final ML 
potential

Physics-informed active learning

Y.-F. Hou, L. Zhang, 
Q. Zhang, F. Ge, 
P. O. Dral, 
arXiv:2404.11811.
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Accurate PES

Y.-F. Hou, L. Zhang, Q. Zhang, F. Ge, P. O. Dral. arXiv:2404.11811.

< 1000 training points with ANI 
potential
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Glycine 
8 

conformers

Conformer search through quasi-classical MD

Y.-F. Hou, L. Zhang, Q. Zhang, 
F. Ge, P. O. Dral, arXiv:2404.11811.

< 2000 training points with ANI potential
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Physics-informed active learning

uncertainty

Utilizing different amount of physics-derived information 
for uncertainty quantification

Y.-F. Hou, L. Zhang, Q. Zhang, F. Ge, P. O. Dral. arXiv:2404.11811.

main model (single ML model, used for MD)
auxiliary model (not used for MD)
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! = !a +
$
%tr!

Error +

Number of training points ,tr

Diminishing returns (small increase in 
accuracy) with an increasing number of 
training points

Automatic initial data building

Y.-F. Hou, L. Zhang, Q. Zhang, F. Ge, P. O. Dral. arXiv:2404.11811.
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Figure: Ainali, CC BY-SA 3.0 
via Wikimedia Commons

Uncertainty thresholds chosen so 
that during simulations less than 
1% should be uncertain.

Automatic uncertainty quantification

Y.-F. Hou, L. Zhang, Q. Zhang, F. Ge, P. O. Dral. arXiv:2404.11811.
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