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Training: Predict the next amino acid given the previous

Output: Next amino acid
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Protein Language Models

Sequence completion

Deployment:
Scoring

MDRAPQRQHRASRE...

Unconditional protein generation

—

Position 1 Position 2 Position 3 Position 4 Position 5 Position 6
Token 1 0.18 0.07 0.13 0.06 0.24
Token 2 0.09 0.28 0.17 0.08 0.12
Token 3 0.61 0.11 0.09 0.14 0.16
Token 4 0.47 0.26 0.08 0.32 0.23
Token 5 0.15 0.14 0.16 0.15 0.27 0.18
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Sequence completion
Deployment: < uUnconditional protein generation
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Protein Language Models (pLMs)

Sequence completion
Deployment: < uUnconditional protein generation
Scoring
Reusing their feature extraction — Embedding

Output
Probabilities
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Protein Language Models developed by the lab
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Ferruz N et al. ProtGPT2 Is a Deep
Unsupervised Language Model for Protein
Design. Nat. Commun., 13, 4348 (2022)

Version 3: Garibbo M et al. ProtGPT3: an
Open-source family of Promptable and

Aligned Protein Language Models BioRxiv

(2026
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Specific Reactions. (Manuscript in
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Also exploring other directions:

Structure-based, Physics-Based, and multi-modal design
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Engineer: Optimise architecture / algorithm
Coach: Modify inference

Multi-tasker: Perform other tasks not trained for
Teacher: Discover new knowledge

A

Evaluator: Validate patterns used by Al (matching prev knowledge)

These apply to all applications
We will focus on the current state for Protein Language Models
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Integrated Gradients — Find most statistically significant motifs (2 or more AA) with high attribution ng??;i:rr; Motif is consistent with
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. . . I Eval r
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| Prompt Content I
357 pro bes | Baseline You are a clinical genomics expert. Based on the variant information provided, interpret the likely biological |
(without Evo2) impact and pathogenicity of this variant. 1
1 Be specific about biological mechanisms when the information supports it. 3-5 sentences for summary, 1 |
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o e a 2 0 3 y, mechanism, confidence, key_evidence}

Explainability - Disruption profile | !

Evo2
Objective: Explain disruption causes using a pretrained LLM (CIaudi (with Evo2)

You are a clinical genomics expert interpreting variant pathogenicity predictions from Evo2, a 7-billion- |
parameter DNA foundation model.

The system uses a probe trained on reference genome activations, then run on both reference and variant
activations. For each biological feature (helix, conservation, domain membership, etc.), you see: ref (the 1
probe’s prediction on the reference genome), var (the prediction on the variant genome), and A (var — ref, |
the disruption signal). Large negative deltas mean the variant disrupts that feature. Near-zero deltas mean
the feature is preserved. This is the key signal: pathogenic variants show large disruptions, benign variants 1
show near-zero deltas.

Provide a clinical interpretation: lead with the disruption story (which features were disrupted and which 1
preserved); use the gene function context to explain why disruption of those features matters for this gene; 1
explain why the model predicts what it does based on the disruption profile. Do not reference clinical

prediction tools (CADD, AlphaMissense, SIFT, PolyPhen, etc.). 3-5 sentences for summary, 1 sentence for |
mechanism. 1

Writing style: Write like a senior geneticist. Be direct and concise. Never use em dashes. Never use 1
“notably”, “critically”, “importantly”, “striking”. Don’t use superlatives or hedging language. State facts
plainly. Don't repeat the variant ID or coordinates in the summary. Specific numbers are good. Vague
qualifiers (“profound”, “massive”, “broad”) are not. 1

Return JSON: {summary, mechanism, confidence, key_evidence} 1
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Explainability - Disruption profile

Objective: Explain disruption causes using a pretrained
1
|

Disruption scoring: Difference in probe score for a refel

Input: :

®  Top-k disruptions 1

° Variant metadata (Gene name + variant coordina!I
° Instructions prompt

BRCA1 c.4987-3c>G PREDICTED

ClinVar:55346 | rs397509213 | c¢hr17:43067698 G>C | Intronic PATHOGENICITY

PATHOGENIC %

98%

VARIANT INTERPRETATION

The variant likely disrupts a cryptic or canonical splice acceptor element, causing the model to predict exon boundary retraction that would incorporate intronic sequence or
exclude terminal coding ingina ift or in-frame deletion affecting the BRCA1 BRCT domain region.

This intronic variant at the c.4987-3 position shows minimal splice disruption by the sequence-leve! probe (deita 0.03), but the distant disruption profile tells a different story entirely. Positions 89-90 bp upstream
show near-complete conversion from CDS to intronic annotation (CDS deita -1.00, Intron delta +0.99), indicating the model predicts a major exon boundary shift that would effectively reciassify a substantial stretch
of coding sequence as intronic. A position 72 bp upstream also shows a large CDS loss (delta -0.95), consistent with aberrant splicing that truncates or skips the terminal portion of the upstream exon. The site-
level features show modest changes in phosphorylation (+0.10) and domain membership (-0.02), which are likely secondary consequences of the predicted transcript disruption rather than direct effects. The 98%
pathogenicity score, calibrated against a labeled set where 97% of similarly scoring variants are pathogenic, aligns with the long-range disruption pattern.

KEY EVIDENCE

« CDS annotation drops from 1.00 to 0.00-0.00 at positions 83-90 bp upstream, with reciprocal intron annotation gain to 0.99-0.99

« CDS loss of 0.95 at position 72 bp upstream suggests a broad exon boundary disruption rather than a point effect

« Variant is at the c.4987-3 position, a canonical splice acceptor region where single-nucieotide changes are known to cause splicing defects

« Sequence-level splice disruption score is low (0.03), but this likely reflects probe sensitivity to canonical AG dinucleotide changes rather than upstream branch point or polypyrimidine tract effects
+ Calibrated pathogenicity of 98% with 97% positive predictive value in this score range

Disruption Location:

TOP DISRUPTIONS & ss om

Is Intron To Exon —_—-

Is Splice Donor ————

cos : _

Intron _—-
Alpha Helix g =

Beta Strand ! —_——

Is Branchpoint Region + - e

Is Polypyrimidine Tract —_— e ——
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or regression) Chromatin accessibility
357 probes
Evaluator

We will trust prediction more because of justification

Teacher - weakly
Explainability - Disruption profile “Probes are trained to predict known annotations;
Objective: Explain disruption causes using a pretrained LLM (Claude Sonnet 4.6) Novel molecular mechanisms of pathogenicity would
not be captured by this supervised approach”
Disruption scoring: Difference in probe score for a reference vs variant
Input:
e  Top-k disruptions

° Variant metadata (Gene name + variant coordinate, consequence type, genomic position ... )
° Instructions prompt

Human-readable mechanism hypotheses
Results: . . . . . . . .
Explanations line up with established biology e.g.: BRCAL1 splice disruption and LDLR/RET structural consequences
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Setup: Sequences annotated with predefined human-understandable concepts
Concept bottleneck
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1. Sequence embedding h, is projected to a vector ¢, per concept T
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Model Interpretability

Understand the contribution of different parts of the model towards the output

Post-hoc
e Importance attribution: To Neurons / Layers / Latents

Engineer role in general Al

Most commonly used for:

Pruning Projections in attention layers
Neurons

________________________________________________



Conclusions




Conclusions

° Evaluator role is the most demonstrated



Conclusions

e Evaluator role is the most demonstrated
o  Currently: Validates against pre-existing field knowledge = Bottleneck



Conclusions

e  Evaluator role is the most demonstrated
o  Currently: Validates against pre-existing field knowledge = Bottleneck
o  Can automated metrics correlate with spurious correlations?



Conclusions

e  Evaluator role is the most demonstrated
o  Currently: Validates against pre-existing field knowledge = Bottleneck
o  Can automated metrics correlate with spurious correlations?

e Multitasker roles mainly applied to active site identification



Conclusions

e  Evaluator role is the most demonstrated
o  Currently: Validates against pre-existing field knowledge = Bottleneck
o  Can automated metrics correlate with spurious correlations?

e Multitasker roles mainly applied to active site identification

e Few examples of Coach / Engineer



Conclusions

e  Evaluator role is the most demonstrated
o  Currently: Validates against pre-existing field knowledge = Bottleneck
o  Can automated metrics correlate with spurious correlations?

e Multitasker roles mainly applied to active site identification

e Few examples of Coach / Engineer
o  An approach towards better models? Or a suboptimal alternative?



Conclusions

e  Evaluator role is the most demonstrated
o  Currently: Validates against pre-existing field knowledge = Bottleneck
o  Can automated metrics correlate with spurious correlations?

e Multitasker roles mainly applied to active site identification
e Few examples of Coach / Engineer

o  An approach towards better models? Or a suboptimal alternative?
Coach: Steering vs RL or fine tuning - What is most effective?



Conclusions

e  Evaluator role is the most demonstrated
o  Currently: Validates against pre-existing field knowledge = Bottleneck
o  Can automated metrics correlate with spurious correlations?

e Multitasker roles mainly applied to active site identification

e Few examples of Coach / Engineer
o  An approach towards better models? Or a suboptimal alternative?
Coach: Steering vs RL or fine tuning - What is most effective?
Engineer: Pruning vs distillation



Conclusions

e  Evaluator role is the most demonstrated
o  Currently: Validates against pre-existing field knowledge = Bottleneck
o  Can automated metrics correlate with spurious correlations?

e Multitasker roles mainly applied to active site identification
e Few examples of Coach / Engineer
o  An approach towards better models? Or a suboptimal alternative?
Coach: Steering vs RL or fine tuning - What is most effective?

Engineer: Pruning vs distillation

e  SAEs can improve feature attribution: Feature decoupling



Conclusions

e  Evaluator role is the most demonstrated
o  Currently: Validates against pre-existing field knowledge = Bottleneck
o  Can automated metrics correlate with spurious correlations?

e Multitasker roles mainly applied to active site identification
e Few examples of Coach / Engineer
o  An approach towards better models? Or a suboptimal alternative?
Coach: Steering vs RL or fine tuning - What is most effective?
Engineer: Pruning vs distillation

e  SAEs can improve feature attribution: Feature decoupling

° Debatable Teacher roles



Conclusions

e  Evaluator role is the most demonstrated
o  Currently: Validates against pre-existing field knowledge = Bottleneck
o  Can automated metrics correlate with spurious correlations?

e Multitasker roles mainly applied to active site identification
e Few examples of Coach / Engineer
o  An approach towards better models? Or a suboptimal alternative?
Coach: Steering vs RL or fine tuning - What is most effective?
Engineer: Pruning vs distillation

e  SAEs can improve feature attribution: Feature decoupling

e Debatable Teacher roles
o  Currently: Identifying known chemistry in new examples



Conclusions

e  Evaluator role is the most demonstrated
o  Currently: Validates against pre-existing field knowledge = Bottleneck
o  Can automated metrics correlate with spurious correlations?

e Multitasker roles mainly applied to active site identification

e Few examples of Coach / Engineer
o  An approach towards better models? Or a suboptimal alternative?
Coach: Steering vs RL or fine tuning - What is most effective?
Engineer: Pruning vs distillation

e  SAEs can improve feature attribution: Feature decoupling
e Debatable Teacher roles

o  Currently: Identifying known chemistry in new examples
How can Al produce new knowledge?



Conclusions

e  Evaluator role is the most demonstrated
o  Currently: Validates against pre-existing field knowledge = Bottleneck
o  Can automated metrics correlate with spurious correlations?

e Multitasker roles mainly applied to active site identification

e Few examples of Coach / Engineer
o  An approach towards better models? Or a suboptimal alternative?
Coach: Steering vs RL or fine tuning - What is most effective?
Engineer: Pruning vs distillation

e  SAEs can improve feature attribution: Feature decoupling
e Debatable Teacher roles
o  Currently: Identifying known chemistry in new examples

How can Al produce new knowledge?

T e e e { The output: New protein / new chess strategy - Does not require interpretability



Conclusions

e  Evaluator role is the most demonstrated
o  Currently: Validates against pre-existing field knowledge = Bottleneck
o  Can automated metrics correlate with spurious correlations?

e Multitasker roles mainly applied to active site identification

e Few examples of Coach / Engineer
o  An approach towards better models? Or a suboptimal alternative?
Coach: Steering vs RL or fine tuning - What is most effective?
Engineer: Pruning vs distillation

e  SAEs can improve feature attribution: Feature decoupling

e Debatable Teacher roles
o  Currently: Identifying known chemistry in new examples
How can Al produce new knowledge?

The output: New protein / new chess strategy - Does not require interpretability

The new knowledge is: { The reasoning - Requires interpretability



Conclusions

e  Evaluator role is the most demonstrated
o  Currently: Validates against pre-existing field knowledge = Bottleneck
o  Can automated metrics correlate with spurious correlations?

e Multitasker roles mainly applied to active site identification

e Few examples of Coach / Engineer
o  An approach towards better models? Or a suboptimal alternative?
Coach: Steering vs RL or fine tuning - What is most effective?
Engineer: Pruning vs distillation

e  SAEs can improve feature attribution: Feature decoupling

e Debatable Teacher roles
o  Currently: Identifying known chemistry in new examples
How can Al produce new knowledge?

The output: New protein / new chess strategy - Does not require interpretability

The new knowledge is: { The reasoning - Requires interpretability

Validating new reasoning




Conclusions

e  Evaluator role is the most demonstrated
o  Currently: Validates against pre-existing field knowledge = Bottleneck
o  Can automated metrics correlate with spurious correlations?

e Multitasker roles mainly applied to active site identification

e Few examples of Coach / Engineer
o  An approach towards better models? Or a suboptimal alternative?
Coach: Steering vs RL or fine tuning - What is most effective?
Engineer: Pruning vs distillation

e  SAEs can improve feature attribution: Feature decoupling

e Debatable Teacher roles
o  Currently: Identifying known chemistry in new examples
How can Al produce new knowledge?

The output: New protein / new chess strategy - Does not require interpretability

The new knowledge is: { The reasoning - Requires interpretability

Validating new reasoning
o  Human supervision of new hypothesis (human knowledge bottleneck)




Conclusions

e  Evaluator role is the most demonstrated
o  Currently: Validates against pre-existing field knowledge = Bottleneck
o  Can automated metrics correlate with spurious correlations?

e Multitasker roles mainly applied to active site identification

e Few examples of Coach / Engineer
o  An approach towards better models? Or a suboptimal alternative?
Coach: Steering vs RL or fine tuning - What is most effective?
Engineer: Pruning vs distillation

e  SAEs can improve feature attribution: Feature decoupling

e Debatable Teacher roles
o  Currently: Identifying known chemistry in new examples
How can Al produce new knowledge?

The output: New protein / new chess strategy - Does not require interpretability

The new knowledge is: { The reasoning - Requires interpretability

Validating new reasoning
o  Human supervision of new hypothesis (human knowledge bottleneck)
o  Hypothesis testing (cost associated to testing)




Conclusions

Evaluator role is the most demonstrated
o  Currently: Validates against pre-existing field knowledge = Bottleneck
o  Can automated metrics correlate with spurious correlations?

Multitasker roles mainly applied to active site identification

Few examples of Coach / Engineer
o  An approach towards better models? Or a suboptimal alternative?
Coach: Steering vs RL or fine tuning - What is most effective?
Engineer: Pruning vs distillation

SAEs can improve feature attribution: Feature decoupling

Debatable Teacher roles
o  Currently: Identifying known chemistry in new examples
How can Al produce new knowledge?

The new knowledge is: { The reasoning - Requires interpretability

Validating new reasoning

o  Human supervision of new hypothesis (human knowledge bottleneck)

o  Hypothesis testing (cost associated to testing)

The output: New protein / new chess strategy - Does not require interpretability



