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Protein language models
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Categorization of XAl technigues

Protein generation workflow
Information category for XAl

Input query

Output sequence
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Four information categories
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use-cases - Input query

* Input query for ZymCTRL
X.X.X.Xx<sep><start>sequence[:n] for n € {25,50,75,100}

* Calculate attribution (Integrated Gradients) for
the generation of residue n+1

* Results showed enhanced importance on
condition (EC label) and local environment

» Different trend in ProGen’ (trained on
sequences and their reverse)

abs. integrated gradients attribution
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"Madani, Ali, et al. Progen: Language modeling for protein generation. arXiv preprint
3. Use-cases arXiv:2004.03497 (2020).



use-cases — output sequence

* Alanine scanning (generation)

* Mutation in end of input more dramatic

change in output

Influence of mutation position (zymctrl)
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* Mutational effect prediction (token probability)

 Comparable values with ProteinGym® benchmark
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Roles of XAl

=Rl ¢ Evaluator: compare extracted pattern with expectations

O'O * Multitasker: use insights for annotation

=1 °* Teacher: extract generalrules Data

/\\ * Engineer: change model efficiency . \ .
£ VE
Wiz N Researcher Developer r
 Coach: improve output
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Application of XAl to pLMs

Role Information category XAl method # applications
Evaluator Training dataset Influence functions 1
Input query Gradient-based feature attribution 2
Model components Attention scores 8
Layer-wise relevance propagation theoretical
(LRP)
Sparse Autoencoders (SAE) 3
Output sequence Shapley Additive Explanations (SHAP) 10
Local Interpretable Model-Agnostic 2
Explanations (LIME)
Counterfactual-like 5
Multitasker Training dataset Embedding space distances 1
Model components Attention scores 2
Sparse Autoencoders (SAE) 3
Output sequence Counterfactual-like 1
Coach Input query Gradient-based feature attribution theoretical
Model components Sparse Autoencoders (SAE) 1
Engineer Model components Attention scores theoretical
Teacher unclear unclear -
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