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• It agrees with expert opinion

• A new state-of-the-art model

• Publication uses XAI

We’ve all seen it before



XAI Checklist
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Human Interpretable

Robust

Interpretable Quickly understood Preferably visual

Consistent Better than random Consistent ranking



NLP-based Molecular Representation
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Transformer

Transformer NN

Transformer CNN2

(2) Pavel Karpov, Guillaume Godin, and Igor V Tetko. Transformer-cnn: Swiss knife for qsar modeling and interpretation. Journal of cheminformatics, 
12(1):1–12, 2020.



XAI Methods
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Pertubation-based XAI Gradient-based XAI

SHAP3 Integrated Gradients (IG)4

Transformer-dependent XAI

Attention Maps, Rollout, Grads, AttGrads, CAT and AttCAT5
(3) Marco Tulio Ribeiro, Sameer Singh, and Carlos Guestrin. " why should i trust you?" explaining the predictions of any classifier. In Proceedings of the 22nd ACM SIGKDD 

international conference on knowledge discovery and data mining, pages 1135–1144, 2016.
(4) Mukund Sundararajan, Ankur Taly, and Qiqi Yan. Axiomatic attribution for deep networks, 2017.
(5) Yao Qiang, Deng Pan, Chengyin Li, Xin Li, Rhongho Jang, and Dongxiao Zhu. Attcat: Explaining trans-formers via attentive class activation tokens. In S. 

Koyejo, S. Mohamed, A. Agarwal, D. Belgrave, K. Cho,and A. Oh, editors, Advances in Neural Information Processing Systems, volume 35, pages 
5052–5064. Cur-ran Associates, Inc., 2022. URL https://proceedings.neurips.cc/paper_files/paper/2022/file/20e45668fefa793bd9f2edf19be12c4b-
Paper-Conference.pdf.



Ames Mutagenicity Test
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• From Therapeutics Data Commons6

• Predefined scaffold split:
Image from: https://en.wikipedia.org/wiki/Ames_test 

Training Validation Test

Toxic 2470 391 776

Non-toxic 2141 297 647

Total: 4611 688 1423

(6) Kexin Huang, Tianfan Fu, Wenhao Gao, Yue Zhao, Yusuf Roohani, Jure Leskovec, Connor W Coley, Cao Xiao, Jimeng Sun, and Marinka Zitnik. 
Therapeutics data commons: Machine learning datasets and tasks for drug discovery and development. arXiv preprint arXiv:2102.09548, 2021.



Structural Alerts
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• Ames Expert-derived structural alerts7 (52)

(7) Jeroen Kazius, Ross McGuire, and Roberta Bursi. Derivation and validation of toxicophores for mutagenicity prediction. Journal of medicinal chemistry, 
48(1):312–320, 2005.



Enumeration Variance
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Information is conserved
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Relative Importance Structural Alerts
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Summary and Conclusions
• Different representations do not overlap
• In-domain has more variance than out-of-domain
• Randomized models have similar variance as out-of-domain
ØXAI methods for NLP depend mostly on tokenization, not learned parameters

• Importance of structural alerts does not indicate importance
• Relative importance stays consistent even in completely random models
ØHuman intuition should not be used to validate XAI

• Test-time augmentation 
• can be used as a measure of robustness, but needs additional analyses
• is usefull for increasing agreement between methods and models
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Any Questions?

?

Thank you for your attention!

• Different representations do not overlap
ØXAI methods for NLP depend mostly on 

tokenization, not learned parameters

• Importance of structural alerts does not 
indicate importance
ØHuman intuition should not be used to 

validate XAI

• Test-time augmentation can be used as a 
measure of robustness
• Needs additional analyses
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XAI Methods
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Pertubation-based XAI Gradient-based XAI

SHAP3 Integrated Gradients (IG)4

Transformer-dependent XAI

Attention Maps, Rollout, Grads, AttGrads, CAT and AttCAT5
(3) Marco Tulio Ribeiro, Sameer Singh, and Carlos Guestrin. " why should i trust you?" explaining the predictions of any classifier. In Proceedings of the 22nd ACM SIGKDD 

international conference on knowledge discovery and data mining, pages 1135–1144, 2016.
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Retrosynthesis
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8) Irwin, R., Dimitriadis, S., He, J. & Bjerrum, E. J. Chemformer: a pre-trained transformer for computational chemistry. Mach Learn Sci Technol 3, 015022 (2022).
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Chemformer Distillation 

22
9) Hinton, G., Vinyals, O. & Dean, J. Distilling the knowledge in a neural network. arXiv preprint arXiv:1503.02531 (2015).

• Beam-search 
• Too slow
• Too energy intensive

• Distillation: bigger ≠ better9

• Use a large model to train a 
smaller model with richer 
information



BSc and MSc Projects

üAndrea Hunklinger: TUM BSc Student
• Using OCHEM and ensembling to win the Kaggle SLAS solubility challenge11

üFabian Krüger: TUM MSc Student
• Uncertainty Quantification for using smiles enumeration and MC dropout

• Isak Palenius & Erik Hansson:  Chalmers MSc Student
• Using influence functions to explain model predictions

23
11) Hunklinger, Andrea, et al. "The openOCHEM consensus model is the best-performing open-source predictive model in the First EUOS/SLAS Joint Compound Solubility Challenge." SLAS Discovery (2024).



Finishing the PhD
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ü TUM Kick-Off Seminar
ü HELENA Kick-off Seminar
ü Registered Thesis Committee
• Annual TAC Meetings

ü 9 Months
ü 1.5 years 
• 2.5 years

• 270 hours of Scientific Training
• 40 hours in Professional Skills (flexible)

Minimal Dissertation Requirements
• Active conference participation 
• Submitted article
Publication-based Thesis
• Two accepted peer-reviewed articles

• First author or co-authorship

Doctoral Candidacy Thesis Requirements



Scientific Development
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ü PhysChem Forum
ü NeurIPS 2022
ü <Interact> 
ü BayesComp2023
• ICANN 2024

ü AIDD Schools
ü Collaboration Emma Svensson
ü Secondment JKU
ü Molecular AI Days
• NextGen DS AstraZeneca

Courses:
ü Fundamentals of Project Management 
ü Optimizing Writing Strategies 
ü First Steps in Your Doctorate
ü Presenting your Research Competently
ü AIDD Seminars

AIDD Schools:
ü Munich
ü Lugano
ü Leuven
ü AALTO
ü AstraZeneca
ü Berlin



Ames Results
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Augmentation improves agreement
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Dissertation questions

• Theme?
• Dissecting text-based molecular representation models.

• Publication-based or monograph?

• (Latex) template?
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Model Combination using Mixture-of-Experts

Synthesis prediction often fails on 
ringbreaking reactions

There are two models in AZ
• General model
• Specialized model

ØCombine two synthesis models using 
model distillation and MoE10

29
10) Shazeer, N. et al. Outrageously large neural networks: The sparsely-gated mixture-of-experts layer. arXiv preprint arXiv:1701.06538 (2017).



ChEMBL models

30
1) Devlin, J., Chang, M.-W., Lee, K. & Toutanova, K. Bert: Pre-training of deep bidirectional transformers for language understanding. arXiv Prepr. arXiv1810.04805 (2018).
2) Prakash, A. et al. Neural paraphrase generation with stacked residual LSTM networks. arXiv Prepr. arXiv1610.03098 (2016).
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ChEMBL Results
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Ames Results
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Random vs Canon
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Random vs Canon (2)
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Expert-derived Structural Alerts 
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Expert-derived Structural Alerts (2) 
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Component Breakdown
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Carbon breakdown
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Supporting information
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