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T5 architecture
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2Categorization of XAI techniques

2. Explainability
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2Four information categories

Model components

Training dataset

Input query

Output sequence

2. Explainability
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2use-cases – Input query

• Input query for ZymCTRL

x.x.x.x<sep><start>sequence[:n] for n ∈ {25,50,75,100}

3. Use-cases
1Madani, Ali, et al. Progen: Language modeling for protein generation. arXiv preprint 

arXiv:2004.03497 (2020).

• 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 ProGen1 (trained on 
sequences and their reverse)
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2use-cases – output sequence

• Alanine scanning (generation)

• Mutation in end of input more dramatic
change in output

3. Use-cases

• Mutational effect prediction (token probability)

• Comparable values with ProteinGym1 benchmark

1Notin, Pascal, et al. Proteingym: Large-scale benchmarks for protein fitness prediction and 

design. Advances in Neural Information Processing Systems, 36, 64331-64379 (2023).
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2Roles of XAI

• Evaluator: compare extracted pattern with expectations

• Multitasker: use insights for annotation

• Teacher: extract general rules

• Engineer: change model efficiency

• Coach: improve output 

→ Perspective paper4. Roles of XAI
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2Application of XAI to pLMs

4. Roles of XAI

→ Underexplored
methods and 
roles
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Thank you! Questions?
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