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Introduction

• Alternative approximation next to DLPNO

• More accurate on certain species (radicals)

C. Riplinger, F. Neese, J. Chem. Phys. 2013, 138 (3), 034106.



Task
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J. Čížek, J. Chem. Phys. 1966.

Introduction



Basic Idea
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• Measure the quality of the model

• Optimize parameters to improve the model

Introduction



Workflow
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• Compute molecules at CCSD(T)

• Extract SCF-, MP2-, CCSD-, energy and molecular 

representations

• Feed algorithms

Introduction



Workflow
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Introduction

M. Ruth, D. Gerbig, P. R. Schreiner, J. Chem. Theory Comput. 2022, accepted.



Molecular Representations
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SMILES

10D. Weininger, J. Chem. Inform. Comput. Sci. 1988, 28, 31–36; D. Weininger, A. Weininger, J. L. Weininger, J. Chem. Inform. Comput. 

Sci. 1989, 29, 97–101.

Molecular Representations
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Molecular Representations



Graph Representation
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Molecular Representations

M. Ruth, D. Gerbig, P. R. Schreiner, J. Chem. Theory Comput. 2022, accepted.



Model Architectures

13



14

Model Architectures

Perceptron
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Model Architectures

Feed-Forward Neural Network
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Model Architectures

Activation Functions



Feed Forward Neural Network

17D. E. Rumelhart, G. E. Hinton, R. J. Williams, Nature 1986, 323, 533–536.

Backpropagation

Model Architectures
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Model Architectures

Graph Neural Networks



Graph Neural Network

19W. L. Hamilton, R. Ying, J. Leskovec, IEEE Data Eng. Bull. 2017, 40, 52–74

• Designed for graph data

• Message passing

Model Architectures



Graph Neural Network
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Model Architectures



Graph Model
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Model Architectures

M. Ruth, D. Gerbig, P. R. Schreiner, J. Chem. Theory Comput. 2022, accepted.
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Model Architectures

M. Ruth, D. Gerbig, P. R. Schreiner, J. Chem. Theory Comput. 2022, accepted.
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Evaluation
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Train-Test-Split
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• Training the model: 

Train

• Optimizing hyper-

parameters: Test

• Evaluating the

model: Validation

Optimization, Training, and Evaluation



Hyperparameter Tuning

25J. Cornfield, Rev. Inst. Int. Stat. 1967, 35, 34–49.

• Grid search: 

systematic search

• Baysian search: 

probability-driven

Optimization, Training, and Evaluation
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Results and Discussion
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Kernel Density Estimation

https://github.com/probml/pyprobml/tree/master/notebooks/book1/16
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Kernel Density Estimation

https://github.com/probml/pyprobml/tree/master/notebooks/book1/16
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Results and Discussion

Kernel Density Estimation

M. Ruth, D. Gerbig, P. R. Schreiner, J. Chem. Theory Comput. 2022, accepted.
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Results and Discussion

Kernel Density Estimation

M. Ruth, D. Gerbig, P. R. Schreiner, J. Chem. Theory Comput. 2022, accepted.
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Results and Discussion

Performance Plot

M. Ruth, D. Gerbig, P. R. Schreiner, J. Chem. Theory Comput. 2022, accepted.
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Results and Discussion

Atmospherically Relevant

M. Ruth, D. Gerbig, P. R. Schreiner, J. Chem. Theory Comput. 2022, accepted.
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Results and Discussion

A. Mardyukov, P. R. Schreiner, Acc. Chem. Res. 2018, 51 (2), 475–483.

M. Ruth, D. Gerbig, P. R. Schreiner, J. Chem. Theory Comput. 2022, accepted.

DMS Oxidation
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Results and Discussion

M. Ruth, D. Gerbig, P. R. Schreiner, J. Chem. Theory Comput. 2022, accepted.

Exemplary Use Case
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Results and Discussion

P. R. Schreiner, A. A. Fokin, R. A. Pascal, A. de Meijere, Org. Lett. 2006, 8 (17), 3635–3638

M. Ruth, D. Gerbig, P. R. Schreiner, J. Chem. Theory Comput. 2022, accepted.

Isomer Energy Differences
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Final Remarks



Conclusion
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Final Remarks



Outlook

• Make a probabilistic model 

– Variational inference

• Mean-variance estimation

• Δ-learn the DLPNO error

• Include carbenes, fluorine-, and chlorine-

containing molecules
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Final Remarks



Outlook
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Final Remarks

MAD = 0.04 kcal / mol

Δ-learn the DLPNO error
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Other Projects



Classification for CBS catalysis
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Other Projects



Regression for CBS catalysis
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Other Projects

• R2-score = 89%

• MAD = 11%, RMSE = 19% 



Compared to much more expensive 

descriptors 
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Other Projects

Jeremy J. Henle, Andrew F. Zahrt, Brennan T. Rose, William T. Darrow, Yang Wang, Scott E. Denmark, J. Am. Chem. Soc. 2020, 142, 

26, 11578–11592.



Generative Models
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Other Projects

Adapted from: J. M. Tomczak, Deep Generative Modelling, Springer Nature Switzerland AG, Cham, 2022.
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Other Projects



Generative Models
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Other Projects
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Any Questions?

48https://www.reddit.com/r/ProgrammerHumor/comments/8inqk7/a_machine_learning_joke_credits_to_uz0lt

an_x/



49



Message Passing Math
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Matrix Multiplication GNN
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Learning Rate
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Gradient Shattering
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Graph Neural Network

54

Attention mechanism

P. Veličković, G. Cucurull, A. Casanova, A. Romero, P. Liò, Y. Bengio, in ICLR, 2018.
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