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Abstract

Biological Al models now enable rapid protein structure prediction, but safeguard policies vary
substantially across platforms and their effect on what outputs are obtainable remains largely
uncharacterised. We present a preliminary assessment of ESM3 (EvolutionaryScale Forge) and
ESMFold (Meta ESM Atlas) across three protein sequences (ubiquitin, angiotensin II, and
SARS-CoV-2 RBD), modified at 0%, 50%, and 90% artificialness using random substitution,
BLOSUMSG62-guided functional substitution, and structure-guided insertion. ESM3 refused all
native and functionally conservative SARS-CoV-2 RBD variants but accepted randomly
modified and insertion variants (44% success on RBD; 81.5% overall), while ESMFold processed
nearly all inputs (96.3% overall). Structural confidence declined with modification level in both
models. Predicted binding affinity for angiotensin II was —8.6 to —10.2 kcal/mol. Cross-model
Spearman rank correlation was moderate overall (p = 0.647) and low in the comparable subset
(p =0.203). Results suggest that platform-specific safeguard policies meaningfully shape what

outputs can be obtained from the same inputs.



Introduction

With the release of open-source biological AI models like Evo2 and ESM3, biological models
have become capable of predicting protein structure, interpreting and generating DNA and
RNA sequences, and predicting the effects of mutations [[1], [2], [3], [4], [5], [6], [7]]. While these
capabilities offer novel ways to advance research, they also carry potential to be misused or
misapplied [8], [9]. Existing safety evaluations typically assess models trained with biological
data individually and test LLMs in isolation from biological AI models. In practice, the
availability of many open-source models means that multiple models can be integrated into a
single workflow, or switched when one model refuses a request, and different platforms may

respond very differently to the same input.

We address this gap by comparing ESM3 and ESMFold on the same set of sequences, using
predicted ACE2 binding affinity as a functional readout. ACE2 was chosen as the receptor target
because it is both the physiological receptor for angiotensin II and the human entry point for
SARS-CoV-2. Three test sequences were selected to represent no, moderate, and high-affinity
ACE2 interaction: ubiquitin as a negative control, angiotensin II as a well-characterised positive
control, and SARS-CoV-2 RBD as a pathogen-relevant sequence. This design allows the ACE2
binding axis to serve as a meaningful readout across all three classes and enables
proxy-sequence testing, evaluating sequences that bind the same receptor as a sequence of

concern to probe model capabilities indirectly.

A central question is how model behaviour changes as sequences become more artificial. We
modify each sequence at three levels (0%, 50%, 90%) using three strategies of increasing
structural constraint, and ask whether model accessibility and prediction confidence are
sensitive to modification level, method, or both. We also ask whether ESM3 and ESMFold,
which differ substantially in their access policies, produce consistent outputs on the same

inputs.

Our contributions are: (1) a reproducible pipeline for structure prediction and binding affinity
estimation with explicit refusal tracking; (2) a characterisation of ESM3's selective refusal
pattern for SARS-CoV-2 RBD variants; and (3) an empirical comparison of structural confidence

and cross-model agreement across sequence types and artificialness levels.


https://www.zotero.org/google-docs/?vPHrOZ
https://www.zotero.org/google-docs/?SIssWf

Related Work

Pannu et al. [9] and Bloomfield et al. [1], [8] have highlighted concerns relating to biosecurity
risks due to rapid progress in dual-use capabilities of biological AI models. Pannu et al. [9]
additionally highlighted how assessment of how the integration or stacking of different types of
Al models have not been done. Epoch Al's tracker of over 1100 biological AI models [2]
documented only 3.2% of all models in biology have documented safeguards. Additionally,
biology-specific models with safeguards rarely use inference-time filtering (6% of models) and
most commonly use post-training safety techniques (65% of models) [3]. These findings suggest
that biological AI models would be unguarded in a multi-model pipeline. Cai et al. [10]
introduced ABLE, a benchmark evaluating single LLM agents' ability to use biological Al
models (BAIMs) in a protein design workflow. ABLE found that Claude Opus 4, Opus 4.1, and
GPT-5 refused all tasks, while Claude Sonnet 4 performed well across most steps. LightDock
[11] and PRODIGY [12] together provide computational methods for
structure-to-binding-affinity estimation, with PRODIGY calibrated against protein-protein

benchmark datasets.

Methods

Three sequences were evaluated as ligands against the ACE2 receptor (PDB 1R42): ubiquitin (76
amino acids (aa); negative control, no ACE2 binding), angiotensin II ( 8 aa; native ACE2
substrate, positive control), and SARS-CoV-2 RBD (~223 aa; high-affinity ACE2 binder). ACE2
was selected because it is both the physiological angiotensin II receptor and the SARS-CoV-2

entry point, making it a meaningful binding readout across all three sequences.

Each sequence was modified at three artificialness levels (0% native, 50%, and 90% of residue
positions) using three strategies: (1) random substitution, replacing positions with residues
drawn from the natural amino-acid frequency distribution; (2) functional substitution, applying
BLOSUMSG62-conservative substitutions at structure-annotated non-interface, non-core positions;
and (3) functional insertion, inserting new residues at surface loop positions identified by
per-residue solvent-accessible surface area (SASA) (freeSASA [14]) and secondary structure
(DSSP [15]). This yields 54 test combinations (3 sequences x 3 levels x 3 methods x 2 models).

Each modified sequence was submitted to both ESM3 [7] via the EvolutionaryScale Forge API
and ESMFold [13] via the ESM Atlas REST endpoint. Per-residue predicted local distance
difference test (pLDDT) score was used as the structural confidence signal. Model refusals were

recorded: refused rows are marked success=False with the API error message preserved.
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Successfully predicted structures were docked against ACE2 (PDB 1R42) using LightDock [11]
and scored with PRODIGY [12] to produce AG estimates in kcal/mol. PRODIGY is calibrated for
ligands <50 residues; longer-ligand scores are flagged score_reliable=False and reported

separately.

Results

Model Acceptance Rates

Acceptance rates differed substantially by sequence and model (Table 1). ESM3 refused all
native SARS-CoV-2 RBD variants and all functionally conservative substitution variants at every
modification level, returning the API error: "We detected a potential sequence of concern. Please
apply for elevated access." ESM3 did accept randomly substituted and insertion-modified RBD
variants at 50% and 90% modification. ESMFold accepted all but one RBD variant; the
functional insertion at 90% modification (423 residues) failed with a 413 HTTP error (payload

too large).

Table 1. Model acceptance rates by sequence

ESM3 ESMFold
Sequence accepted/attemp ESM3 rate accepted/attemp  ESMFold rate
ted ted

Table 2. ESM3 acceptance pattern for SARS-CoV-2 RBD

Method 0% 50% 90%



The pattern in Table 2 suggests ESM3's filter may be sensitive to functional similarity to the
reference sequence rather than sequence identity alone: functional substitution variants
preserve interface residue character by design, whereas random and insertion variants at high
modification levels are likely substantially diverged.

Structural Confidence Under Modification

Mean pLDDT declined with increasing artificialness in both models (Table 3). ESM3 consistently
produced higher pLDDT than ESMFold on the same inputs. The lower ESMFold mean at 0% is
partly driven by inclusion of native SARS-CoV-2 RBD predictions (pLDDT ~25.5), a large
conformationally flexible domain that ESM3 refused.

Table 3. Mean pLDDT by model and artificialness level

ESM3 mean ESMFold
rtifici ESM3 ESMFold
Artificialness pLDDT SM3 n e B SMFold n




Binding Affinity (Score-Reliable Rows)

Only angiotensin II variants (native length 8 aa, growing to 15 aa at most under insertion) met
the score_reliable criterion (<50 aa). Predicted AG values ranged from -7.6 to —11.8 kcal/mol
across all models, methods, and modification levels (Table 4). Modification did not produce a

clear decline in predicted binding affinity at the levels tested.

Table 4. Predicted ACE2 binding affinity (AG, kcal/mol) for angiotensin II variants

Method Artificialness Modified ESM3 AG ESMFold AG
sequence




insertion SHWPF

For SARS-CoV-2 RBD and ubiquitin, PRODIGY produced scores ranging from -8.0 to -77.1
kcal/mol. These are outside the tool's calibration regime and should not be interpreted as
quantitative affinity estimates; they are likely driven by interface area scaling with sequence
length. Alternative tools to LightDock and PRODIGY can be tested in future work.

Spearman rank correlation between ESM3 and ESMFold binding affinities was p = 0.647 (p =
0.0015) across all 21 paired rows, and p =0.203 (p = 0.60) in the nine comparable rows
(angiotensin II variants only). The low and non-significant correlation in the comparable subset
suggests the two models do not rank the same sequences consistently, even when both return

predictions for the same inputs.

Discussion

We observed that ESM3's refusal pattern was determined by modification method rather than
the degree of sequence change. ESM3 blocked all native and functionally conservative
SARS-CoV-2 RBD variants but accepted randomly modified and insertion variants, while
ESMFold accepted nearly all inputs regardless of sequence identity or modification. This
suggests the models implement substantially different safeguard policies, and that the same
task can yield different outcomes depending on which platform is used. This gap is also
relevant to multi-model integration: if biological Al models are used within a workflow, with a
language model orchestrating structure prediction and binding evaluation as separate steps,
individual model safeguards may not propagate across the pipeline. The divergence between

ESM3 and ESMFold illustrates how this gap could arise even in the absence of deliberate intent.

Angiotensin II binding affinity remained largely stable across modification levels and methods,
which was unexpected. We anticipated a clearer degradation with increased artificialness,
particularly for the 90% random substitution variants. This may reflect that PRODIGY scoring
for short peptides is less sensitive to sequence composition than for larger proteins, or that the

docking run introduces sufficient variability to mask modification effects.

Limitations are present in this analysis. First, only three different sequences were evaluated, and
results may not generalise across sequence space. Second, modification fractions of 50 to 90%

are not biologically realistic; real-world evasion scenarios more likely involve targeted changes



at a handful of positions. Third, all binding affinity values are computational approximations

that would require experimental validation before any biological conclusions can be drawn.

Future work could include applying this work to more sequences with experimentally
measured ACE2 binding affinities to allow for direct validation. Testing finer modification
gradients would better reflect realistic dual-use scenarios. Integrating a complex prediction tool
such as AlphaFold-Multimer would avoid PRODIGY's calibration limitations.

Conclusion

We present a preliminary evaluation of ESM3 and ESMFold across systematically modified
protein sequences, using predicted ACE2 binding affinity as a functional readout. ESM3
selectively refused SARS-CoV-2 RBD variants based on modification method rather than
modification level alone, while ESMFold accepted nearly all inputs. Structural confidence
declined with artificialness in both models, and cross-model rank correlation was low in the
comparable subset. These results suggest that model-specific policies meaningfully shape what
outputs are obtainable, and that individual model safeguards may not hold when the same task
is distributed across multiple models. The pipeline and dataset are available as a reproducible
baseline for future capability assessments of biological AI models.
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