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Abstract

Novel deep learning architectures are increasingly being applied to biological data,
including genetic sequences. These models, referred to as genomic language mod-
els (gLMs), have demonstrated impressive predictive and generative capabilities,
raising concerns that such models may also enable misuse, for instance via the
generation of genomes for human-infecting viruses. These concerns have catalyzed
calls for risk mitigation measures. The de facto mitigation of choice is filtering of
pretraining data (i.e., removing viral genomic sequences from training datasets) in
order to limit gLM performance on virus-related tasks. However, it is not currently
known how robust this approach is for securing open-source models that can be
fine-tuned using sensitive pathogen data. Here, we evaluate a state-of-the-art gLM,
Evo 2, and perform fine-tuning using sequences from 110 harmful human-infecting
viruses to assess the rescue of misuse-relevant predictive capabilities. The fine-
tuned model exhibited reduced perplexity on unseen viral sequences relative to
1) the pretrained model and 2) a version fine-tuned on bacteriophage sequences.
The model fine-tuned on human-infecting viruses also identified immune escape
variants from SARS-CoV-2 (achieving an AUROC of 0.6), despite having no expo-
sure to SARS-CoV-2 sequences during fine-tuning. This work demonstrates that
data exclusion might be circumvented by fine-tuning approaches that can, to some
degree, rescue misuse-relevant capabilities of gLMs. We highlight the need for
safety frameworks for gLMs and outline further work needed on evaluations and
mitigation measures to enable the safe deployment of gLMs.
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1 Introduction

Large language models (LLMs) have transformed our ability to collect and generate information
encoded in human language, and today match or outperform humans on a multitude of complex
tasks [Zhao et al., 2025]. Deep learning methodologies originally developed for LLMs, such as
self-supervised learning on large amounts of unlabeled data, have been applied to biological data
such as protein and genetic sequences. These models are referred to as protein language models
(pLMs) or genomic language models (gLMs), respectively [Benegas et al., 2024]. Early pLMs and
gLMs have demonstrated intriguing capabilities, such as the prediction of protein structural elements
and transcription factor binding sites [Chowdhury et al., 2022, Mendoza-Revilla et al., 2024]. The
performance limits of these models is not yet clear and may be gated by the availability of high-quality
training data, compute, or novel AI architectures particularly well-suited to biological data. Thus,
the potential ceiling performance of biological AI models may be contingent on future, adjacent
advances in computational biotechnology.

Scientists have noted that to the degree these systems acquire novel biological capabilities, they
might also be vulnerable to misuse [NASEM, 2025]. Developers have acknowledged these risks
and taken first steps towards mitigating gLM and pLM risks. However, given the uncertainties
regarding the upper limit of model performance described above, it is challenging to determine the
best approaches for mitigating misuse risks, both for today and for years into the future. Developers
have acknowledged these risks and taken first steps towards mitigating gLM and pLM risks. A
handful of risk mitigation approaches have been tested to date. For instance, the developers of
ESM3-open "removed the capability for the model to follow prompts related to viruses and toxins"
for their open-source model ESM3-open [Hayes et al., 2025].

The de facto mitigation of choice for these models, though, is known as data exclusion (also known
as data filtering). Data exclusion involves the deliberate removal of data from training datasets in
order to limit model performance on risky capabilities tied to such data, such as capabilities related to
biological weapons development. For safety and security reasons, the developers of the Evo models, a
series of gLMs “excluded genomic sequences from viruses that infect eukaryotic hosts (...) to ensure
our openly shared model did not disseminate the capability to manipulate and design pathogenic
human viruses” [Brixi et al., 2025]. Similarly, for ESM3-open, the developers "removed sequences
unique to viruses, as well as viral and non-viral sequences from the Select Agents and Toxins List"
from the training data in order "to reduce the capability of ESM3-open on these sequences" [Hayes
et al., 2025].

However, relatively little is known about the true performance reduction that results from the
exclusion of sensitive data. Some researchers have demonstrated that this risk reduction may not be
robust [Zhang et al., 2025]. Open-source models can be fine-tuned after their release, suggesting that
a sufficiently skilled actor could rescue model performance for misuse-related tasks if the sensitive
data in question were available to them. The quantity of sensitive data required in this context to
rescue the misuse-enabling capability, as well as the degree to which those capabilities can be rescued,
has not yet been tested. Further, some researchers have suggested that highly capable biological
models could interpolate risky capabilities due to their broad generalizability, even when particular
subsets of training data have been removed. Such generalizability for gLMs might exist analogously
to how it was demonstrated for protein structure prediction capabilities [Ahdritz et al., 2024].

Here, we conduct evaluations on the robustness of data exclusion from the open-source gLM,
Evo 2, by reintroducing sequences from human-infecting viruses via fine-tuning and assessing the
rescue of misuse-relevant capabilities. Generally, Evo 2 learns patterns from DNA sequences to both
1) predict the impact of genetic sequence changes and 2) generate genetic sequences; we evaluate
primarily the predictive capability in its application to viruses. We demonstrate that important misuse-
relevant capabilities for viruses unseen in the training data, including the prediction of downstream
phenotypes related to immune escape, can be rescued through adversarial fine-tuning. Lastly, we
discuss frameworks for systematically approaching safety and security considerations for gLMs to
improve biosecurity in the future.

2 Methods

Note: Due to concerns about information hazards arising from this work, some details have been
redacted from the Methods section, and code pertaining to this study has not been made available but
can be obtained from the authors by reasonable request.
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2.1 Base model used for fine-tuning
We used the gLM Evo 2 [Brixi et al., 2025], an open-source model available in three versions with 1
billion (1B), 7 billion (7B), and 40 billion (40B) parameters, respectively. Evo 2-7B was used as the
base model for fine-tuning.

2.2 Fine-tuning methodology
Fine-tuning was performed using the Evo 2-7B as a base, leveraging the Savanna framework for
distributed training. Briefly, this approach uses a transformer backbone with rotary position em-
beddings and was configured for autoregressive pretraining. The model was distributed across 4
NVIDIA H100 GPUs using DeepSpeed ZeRO Stage 1 optimization with mixed precision (BF16)
training. The pretrained Evo 2 7B weights were fine-tuned using a character-level tokenizer, with the
model adapted from its original 1M context length to 4,096 tokens per sample due to computational
constraints. Training utilized the Adam optimizer (β1 = 0.9, β2 = 0.95, lr = 2x10e− 6), with an
effective batch size of 768 sequences. We applied gradient clipping (0.5), weight decay (1x10e− 4),
and dropout (0.05) for stability.

2.3 Sequence data used for fine-tuning
The dataset used for adversarial fine-tuning consisted of viral sequences. We attempted to collate
this dataset in an analogous way to the approach taken by the Evo 2 authors in collating their
OpenGenome2 dataset, which was utilized for training in the first instance. First, a literature
search was performed for putative harmful human-infecting viruses across six groups of concern:
large DNA viruses, small DNA viruses, positive-strand RNA viruses, negative-strand RNA viruses,
enteric viruses, and double-stranded viruses. Second, deduplication was performed in a manner that
mimicked the approach taken by the Evo 2 team, in order to remove redundancy while preserving
sequence diversity. Complete sequences were deduplicated using Mash sketching with 10,000 k-mers
to calculate pairwise distances between all genomes. Sequences with Mash distance <0.01 (i.e., >99
percent average nucleotide identity) were clustered, and the longest sequence from each cluster was
considered to be representative [Ondov et al., 2016]. This resulted in a dataset of 122 viral genomes
(Figure 1). This was then separated using a 90/10 split into a training dataset of 110 viral genomes and
a held-out test dataset of 12 viral genomes for downstream evaluation. In parallel, a second, control
dataset of prokaryote-infecting viruses (bacteriophages) was generated for a separate fine-tuning
exercise, using an analogous approach. This resulted in the generation of 181 bacteriophage genomes.

Figure 1: Composition of the dataset of viral genomes, by type of viral sequence. 110 viral sequences
were used for fine-tuning, and 12 sequences were held out for downstream evaluation.

2.4 Evaluations
We evaluated two primary capabilities, relating to the predictive, rather than the generative, ability of
Evo 2.
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Firstly, sequence prediction (perplexity): We evaluated sequence perplexity on three different
versions of Evo 2: the pretrained model; the control version, fine-tuned on bacteriophage sequences
(FT-bacteriophages); and the version fine-tuned on harmful human-infecting viruses (FT-harmful).
Perplexity was calculated separately on the training data, and the held-out set of 12 viral genomes.

Secondly, phenotype prediction: We assessed the ability of the three different versions of Evo
2 to predict which mutations to the SARS-CoV-2 spike protein would underpin immune escape.
Importantly, none of the three models had seen any SARS-CoV-2 genomes at any stage of training or
fine-tuning. Immune escape was determined using publicly available deep mutational scanning data,
leveraging polyclonal or monoclonal antibodies from infected or vaccinated individuals [Starr et al.,
2020]. Mutations were divided into those that were likely to underpin immune escape and those that
were not likely to underpin immune escape. Sequence perplexity was computed for the sequence
encoding the spike protein. The ability of the three models to identify immune escape mutations was
compared to BLOSUM-62 scores, representing simple heuristics of evolutionary conservation, and
EVEscape, a highly specialized predictor based on a deep learning approach that combines temporal
sequences with predicted structural and biophysical information, which was considered the gold
standard for this task [Thadani et al., 2023].

3 Results
3.1 Perplexity on held-out viral sequences
In order to understand the degree to which exclusion of sensitive data was a robust mitigation measure
for a gLM, we first assessed whether fine-tuning on that data might rescue model performance
related to viral sequences. Perplexity provides an approach for assessing this, measuring how
well a gLM predicts the next token in a sequence, with lower values indicating better predictive
performance and thus a better understanding of the underlying genomic data. In the Evo2 paper, the
authors demonstrated that perplexity was increased on eukaryote-infecting virus sequences relative to
prokaryote-infecting viruses, reflecting their removal from the training data.

We compared three versions of the 7B parameter model, pretrained Evo 2, and two fine-tuned
models, one fine-tuned on the bacteriophage genomes (FT-bacteriophages) and the other on genomes
from harmful, human-infecting viruses (FT-harmful). Each version reflected a modified version
of the original model, featuring a 1M token context window, with the context window curtailed to
4096 tokens. We evaluated model performance by its ability to predict sequences from within its
fine-tuning distribution, as well as a held-out set of viral genomes that had not been included in the
fine-tuning dataset. The held-out viruses were balanced across viral families in a similar way to the
viruses used for fine-tuning to ensure comprehensive coverage across sequences of interest.

First, we confirmed that sequence length did not relate to perplexity. This was particularly
important as we had implemented post-hoc changes to the model to modify context length. There
was no relationship between sequence length and perplexity in either the in-domain or out-of-domain
(held-out) datasets (Figure 2).

The FT-harmful model exhibited substantially reduced perplexity, relative to the pretrained model
and the FT-bacteriophages model on the training data used for fine-tuning. For the test data, the
FT-harmful model exhibited the same trends, although the difference in perplexity observed between
FT-bacteriophages and FT-harmful was not statistically significant (Figure 3, training data pretrained:
median 3.84; training data FT-bacteriophage: median 3.73; training data FT-harmful: median 2.16;
test data pretrained: median 3.83; test data FT-bacteriophage: median 3.73; test data FT-harmful:
median 3.55). However, relevant to security concerns, this highlights that the model may have begun
to learn generalisable patterns from a limited set of examples. The observation that the pretrained
model performed slightly worse than the bacteriophage fine-tuned model might plausibly reflect the
damage sustained by the model after the reduction in context length.

3.2 Prediction of SARS-CoV-2 immune escape
gLMs might learn patterns within genomic data that correspond to downstream phenotypes. In the
context of viral data, these might include transmissibility, virulence, or immune evasion. As an
exemplar, we wondered whether the version of Evo 2 fine-tuned on harmful human-infecting viruses
might be able to predict which mutations might confer immune evasion for an unseen virus, i.e., not
included in the fine-tuning dataset.

To test this, we computed perplexity on the spike protein from the Wuhan SARS-CoV-2 genome,
and compared these scores to functional data that has been gathered about this protein relating to host
protein interactions and immune escape. Importantly, no SARS-CoV-2 species had been included in
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Figure 2: Scatterplot showing perplexity and sequence length for 110 harmful human-infecting
viruses that the fine-tuned model was trained on (n=97, r=0.034). Perplexity measures how well a
gLM predicts the next token in a sequence, with lower values indicating better predictive performance
and thus a better understanding of the underlying genomic data. Each point on the plot corresponds
to a single virus used for fine tuning.

the data used for fine-tuning, and so any predictions made by the model could plausibly be considered
analogous to performance on an unseen virus. This would represent a relatively stringent level of
generalizability, as the model would have to transfer patterns from other viruses to make predictions
about a novel pathogen. We leveraged deep mutational scanning data as a baseline, focusing on
immune escape due to its clear biosecurity relevance and the immediate availability of high-quality
functional data for validation.

We evaluated the performance of five different approaches at predicting which mutations would
lead to immune escape and which would not. We leveraged the AUROC to compare the different
approaches. Neither the pretrained model nor the model fine-tuned on bacteriophage data conferred
any improved predictive performance relative to a random classifier (Figure 3). In addition, we used
the BLOSUM-62 matrix to evaluate the degree to which evolutionary conservation might predict
mutations that conferred immune escape. This delivered an AUC of 0.51, in essence, no better than
a random classifier. The purpose-built, deep learning tool EVEscape, which can be seen as a gold
standard here, conferred an AUC of 0.8.

The version of the model fine-tuned on harmful, human-infecting viruses had an AUC of 0.59 at
this task. This suggests that fine-tuning on sensitive data conferred generalized predictive properties
related to unseen harmful pathogens, relative to both the baseline model and the version of the
model fine-tuned on bacteriophages. However, the performance did not match that of the narrow,
purpose-built model EVEScape.

Overall, these results show that training data exclusion is unlikely to be a fully robust method
for preventing the emergence of misuse-relevant capabilities from open-source gLMs and potential
associated downstream harms.

4 Discussion
4.1 Key findings
We have shown that data exclusion can be circumvented through fine-tuning with publicly available
sequence data of human-infecting viruses. We also demonstrated a proof-of-principle that misuse-
relevant capabilities of openly available gLMs can be rescued through this process. However, model
performance on tasks involving functional immune escape prediction was inferior to a more narrow,
purpose-built tool. This is congruent with recent results showing narrow, purpose-built tools can
outperform large biological foundation models on many tasks related to viruses [Gurev et al., 2025].
Of note, a single fine-tuned gLM might be applicable to a much wider range of misuse-relevant tasks
not tested in this study.
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Figure 3: Boxplot showing perplexity on training (n=110) and test (n=12) sequences across the three
versions of Evo 2: pretrained; FT-bacteriophages; FT-harmful.
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Figure 4: Receiver operating characteristic (ROC) curves comparing methods for identifying SARS-
CoV-2 Spike mutations leading to a phenotype of immune escape vs no immune escape. 3 versions
of Evo 2, pretrained, fine-tuned (bacteriophages), and fine-tuned (harmful human-infecting viruses)
were compared. BLOSUM-62 scores were used to evaluate whether evolutionary conservation alone
would confer predictive power. EVEscape, a deep learning model leveraging fitness predictions and
structural information, was compared as an example of a model specialized for this exact task.

4.2 Limitations
Certain limitations imply caution when interpreting our results. Firstly, computational constraints
prevented us from working with a full 1M token context model. As it was necessary to modify the
model architecture to work with a 4096 token context prior to fine-tuning, it is possible that the
capabilities we demonstrate underestimate capabilities that might be achievable if the starting point
were the 1M token model instead. Nonetheless, many nefarious actors might face similar constraints.
Secondly, whilst we have highlighted example tasks, including predictions of downstream functional
data, these do not represent the full spectrum of misuse-relevant gLM capabilities. Ideally, an
evaluation of sequence generation properties would have been conducted as well, and future work
should address this.

4.3 Accident and misuse harms linked to gLMs
A robust evaluation framework should consider the multitude of ways a gLM could be misused.
Misuse-enabling capabilities that are most likely or most severe require further investigation first. The
most discussed risk to date has been the embedding of functional information regarding pathogens,
such as virulence, transmissibility, latency, or immune escape [Pannu et al., 2025]. Whilst perplexity,
downstream functional data, and sequence design evaluations are all relevant, future work should
explore other less obvious possibilities, such as gLMs being used to predict the fitness of putative
novel or heavily modified viral designs, or the generative properties of gLMs being leveraged
in similar steps. Experimental work to validate predicted downstream properties should also be
considered, insofar as they are conducted in a secure environment using safe biological proxies
[Ikonomova et al., 2025].

Given that misuse has a much higher tolerance for failure than benign usage, i.e., the release of
an ineffective biological agent has fewer negative consequences than the release of an ineffective
countermeasure, it is not clear how well-suited evaluations that simply assess perplexity as an
objective measure are. For example, it is possible that a model with very high perplexity, but that has
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a small chance to generate a viable viral design that is significantly different from existing sequences,
for instance, with a totally foreign antigen, might be more concerning than a model that has lower
perplexity, but is incapable of ideating beyond narrow constraints imposed by its training data.

gLMs might also improve our understanding of higher-order genomic architecture, further improv-
ing the ability to perform complex pathogen engineering. Thinking further, the broad application
of gLMs towards autonomous exploration of the biological landscape through model development
feedback loops with limited human checkpoints could have unanticipated risks [Wang et al., 2025a].

Still, limiting gLM capabilities related to viruses may also limit advances in beneficial public health
applications, for example, in antigen design for vaccines, where rapid development is particularly
relevant in pandemic and epidemic scenarios [Kraemer et al., 2025].

4.4 “Rule-out” evaluations for harm

We propose the development of evaluations that are explicitly designed to rule out potential harms
from gLMs. In this context, ruling out means demonstrating with sufficient confidence that particular
harms are absent or acceptably unlikely, whereas ruling in means confirming that such harms are
present, which is currently usually conducted through red-teaming. Evaluations with high sensitivity
are therefore critical for safety assurance. While more research is needed on how such evaluations
would be conducted exactly, to promote usability and scalability, these evaluations would ideally be
reproducible across gLMs rather than being custom-built for individual models.

4.5 Future risk trajectories

When considering the safety and security of gLMs, researchers should also anticipate future trends
in AI development, including multi-modal models [Fallahpour et al., 2025] and agentic systems
[OpenAI, 2025], which introduce new categories of misuse or misapplication risks beyond those
studied to date. In the modern AI ecosystem, outputs from one tool can readily become inputs to
another. The greatest value will likely be unlocked by highly integrated systems, where model inputs
and outputs are seamlessly linked. However, this interconnectedness creates safety and security
challenges. Risk assessment of an individual tool is often insufficient to capture risks that emerge
across the wider ecosystem (the “daisy-chain” problem). Further innovation in developing such
evaluations will be required.

4.6 Risk mitigation measure applicability to gLMs

Our evaluations assess the efficacy of the data exclusion risk mitigation approach for gLMs, which falls
in the broader risk mitigation category of "capability limitation" [FMF, 2025a]. Capability limitation
is a controversial mitigation measure approach, given that many misuse-enabling capabilities are
dual-use and can also have desirable applications. For example, the generation of functional viral
genomes could also be useful for gene therapy research.

Aside from capability limitation, there are several other approaches for improving the safety and
security of gLMs that could be further explored and developed, such as detection and intervention
measures or access controls. LLM developers have developed various technical risk mitigation
measures associated with their models, such as refusal training, constitutional classifiers, or false
learning [FMF, 2025a]. Researchers are only beginning to explore how and to what degree these risk
mitigation measures can be applied to both narrow biological tools as well as biological foundation
models. Not all available mitigation measures will be appropriate for gLMs, and novel technical
methods will likely be needed [Wang et al., 2025b]. In particular, risk mitigation measures for
open-source models should be explored more as open models are prevalent in computational biology
[Tamirisa et al., 2025].

4.7 Towards gLM safety frameworks

Scientists have generally long recognized the importance of frameworks to assess the risks and benefits
of research involving human subjects and animals. Within AI development, safety frameworks have
also emerged as a critical tool for frontier AI developers, aiding in the assessment and management
of a diversity of risks from advanced AI systems [FMF, 2025b]. Given the rapid advancements in the
field, we wish to highlight the importance of developing similar safety frameworks for gLMs, so that
their development and deployment can advance responsibly, the manifold benefits can be harnessed,
and misuse risks can be effectively mitigated.
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5 Conclusion
We demonstrate that, in the case of open-source models, it is possible to circumvent data exclusion
safeguards via fine-tuning with human-infecting virus sequences. If sensitive pathogen data such
as this is publicly accessible, it can be used to fine-tune an openly available gLM, thereby rescuing
misuse-enabling capabilities. Importantly, the rescued performance did not match that of a narrow,
purpose-built tool for functional immune escape prediction tasks. Therefore, while sensitive data
exclusion raises the bar for misuse, it is susceptible to circumvention. Other risk mitigation measures
for gLMs will be required in addition. To ensure safe and responsible development and deployment of
this class of powerful biological AI models, further work is needed to develop a taxonomy of misuse-
enabling capabilities and a corresponding toolkit of implementable gLM-specific risk evaluation
and mitigation measures. Ultimately, these efforts should contribute towards comprehensive safety
frameworks for gLMs that developers and deployers can implement to manage risks.
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NeurIPS Paper Checklist
1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?
Answer: [Yes]
Justification: The main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope.
Guidelines:

• The answer NA means that the abstract and introduction do not include the claims
made in the paper.

• The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

• The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

• It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justification: Limitations are addressed in the 4.2 section of the Discussion.
Guidelines:

• The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

• The authors are encouraged to create a separate "Limitations" section in their paper.
• The paper should point out any strong assumptions and how robust the results are to

violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

• The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

• The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

• The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

• If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

• While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs
Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?
Answer: [NA]
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Justification: The paper does not directly include theoretical results building on mathematical
assumptions and proof.

Guidelines:

• The answer NA means that the paper does not include theoretical results.
• All the theorems, formulas, and proofs in the paper should be numbered and cross-

referenced.
• All assumptions should be clearly stated or referenced in the statement of any theorems.
• The proofs can either appear in the main paper or the supplemental material, but if

they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

• Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

• Theorems and Lemmas that the proof relies upon should be properly referenced.

4. Experimental result reproducibility
Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [No]

Justification: For security reasons, the paper deliberately avoids disclosing full information
needed for its reproduction. Authors from the Evo 2 model, which was fine-tuned on human-
infecting virus data in this study, originally stated in their paper: "By excluding genomic
sequences of viruses that infect eukaryotes from our training data, we aimed to ensure our
openly shared model did not disseminate the capability to manipulate and design pathogenic
human viruses. Task-specific post-training may circumvent this risk mitigation measure and
should be approached with caution." As biosecurity researchers, we fine-tuned the model
to assess the efficacy of data exclusion as a safeguard. Including all information necessary
to reproduce the fine-tuned model and results would defeat the purpose of attempting to
limit the dissemination of the capability to manipulate and design pathogenic human viruses
that the Evo 2 authors originally intended. The exclusion of methodological details to avoid
reproducibility is a legitimate practice when conducting dual-use research to reduce risks
from deliberate misuse that the dissemination of information or tools could enable.

Guidelines:

• The answer NA means that the paper does not include experiments.
• If the paper includes experiments, a No answer to this question will not be perceived

well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

• If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

• Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

• While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example
(a) If the contribution is primarily a new algorithm, the paper should make it clear how

to reproduce that algorithm.
(b) If the contribution is primarily a new model architecture, the paper should describe

the architecture clearly and fully.
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(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [No]

Justification: We decided not to provide open access to the data and code for security reasons.
Authors from the Evo 2 model, which was fine-tuned on human-infecting virus data in
this study, originally stated in their paper: "By excluding genomic sequences of viruses
that infect eukaryotes from our training data, we aimed to ensure our openly shared model
did not disseminate the capability to manipulate and design pathogenic human viruses.
Task-specific post-training may circumvent this risk mitigation measure and should be
approached with caution." As biosecurity researchers, we fine-tuned the model to assess the
efficacy of data exclusion as a safeguard, without intending to make the fine-tuned model
available. Doing so would defeat the purpose of attempting to limit the dissemination of
the capability to manipulate and design pathogenic human viruses that the Evo 2 authors
originally intended. This also included not fully disclosing the human-infecting viral dataset
that was used for fine-tuning. Not openly publishing all results and research products is
a legitimate practice when conducting dual-use research to reduce risks from deliberate
misuse that the dissemination of information or tools could enable.

Guidelines:

• The answer NA means that paper does not include experiments requiring code.
• Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

• While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

• The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

• The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

• The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

• At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

• Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLs to data and code is permitted.

6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]
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Justification: The paper provides all training and test details required to understand the
results. In case some details are not available, these were excluded for security reasons (see
justifications to questions 4 and 5).
Guidelines:

• The answer NA means that the paper does not include experiments.
• The experimental setting should be presented in the core of the paper to a level of detail

that is necessary to appreciate the results and make sense of them.
• The full details can be provided either with the code, in appendix, or as supplemental

material.
7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?
Answer: [Yes]
Justification: The paper suitably implements and reports measures providing information on
the statistical significance of experiments.
Guidelines:

• The answer NA means that the paper does not include experiments.
• The authors should answer "Yes" if the results are accompanied by error bars, confi-

dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

• The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

• The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

• The assumptions made should be given (e.g., Normally distributed errors).
• It should be clear whether the error bar is the standard deviation or the standard error

of the mean.
• It is OK to report 1-sigma error bars, but one should state it. The authors should

preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

• For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

• If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

8. Experiments compute resources
Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?
Answer: [No]
Justification: For security reasons, the paper deliberately avoids disclosing full information
needed for its reproduction, including on compute resources. Please see the justifications for
questions 4 and 5 for details.
Guidelines:

• The answer NA means that the paper does not include experiments.
• The paper should indicate the type of compute workers CPU or GPU, internal cluster,

or cloud provider, including relevant memory and storage.
• The paper should provide the amount of compute required for each of the individual

experimental runs as well as estimate the total compute.
• The paper should disclose whether the full research project required more compute

than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).
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9. Code of ethics
Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [No]

Justification: The paper carefully considered the NeurIPS Code of Ethics and weighed
potential harms and benefits. Based on this, we decided not to publish the model and data
openly and to withhold certain methodological information in the manuscript. In doing
so, we hope to contribute to a discussion around biosecurity safeguards for generative AI
without sharing tools or information that could directly be misused. This is not in line
with the Code of Ethics requirement to "Disclose essential elements for reproducibility".
However, disclosing everything openly would, in turn, break the Code of Ethics requirement
on "security" to consider whether there is a risk to "cause serious accidents when deployed
in real world environments." In line with the Code of Ethics we "take concrete steps to
recommend or implement ways to protect against such security risks".

Guidelines:

• The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.
• If the authors answer No, they should explain the special circumstances that require a

deviation from the Code of Ethics.
• The authors should make sure to preserve anonymity (e.g., if there is a special consid-

eration due to laws or regulations in their jurisdiction).

10. Broader impacts
Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]

Justification: In the introduction and the discussion, the paper addresses the potential positive
societal impacts of gLMs and the risks from biological misuse. In the discussion, it also
covers risk mitigation measures for AI-enabled biorisk and gLM risks, in particular. In
trying to balance the potential positive and negative impacts of the paper itself, we decide not
to openly disclose the fine-tuned model, data, and certain other methodological information.

Guidelines:

• The answer NA means that there is no societal impact of the work performed.
• If the authors answer NA or No, they should explain why their work has no societal

impact or why the paper does not address societal impact.
• Examples of negative societal impacts include potential malicious or unintended uses

(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

• The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

• The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

• If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

11. Safeguards
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Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [Yes]

Justification: While not describing a managed access regime or a safeguard built into the
model, the paper, for security reasons, does not openly publish the fine-tuned model or
related data and deliberately avoids disclosing full information needed for its reproduction.

Guidelines:

• The answer NA means that the paper poses no such risks.
• Released models that have a high risk for misuse or dual-use should be released with

necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

• Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

• We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

12. Licenses for existing assets
Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]

Justification: Existing assets used in the paper were properly and sufficiently credited to the
degree that the necessary information was available at the time of writing.

Guidelines:

• The answer NA means that the paper does not use existing assets.
• The authors should cite the original paper that produced the code package or dataset.
• The authors should state which version of the asset is used and, if possible, include a

URL.
• The name of the license (e.g., CC-BY 4.0) should be included for each asset.
• For scraped data from a particular source (e.g., website), the copyright and terms of

service of that source should be provided.
• If assets are released, the license, copyright information, and terms of use in the

package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

• For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

• If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

13. New assets
Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [No]

Justification: For security reasons, we decided not to provide open access to the fine-
tuned model, data, and code, and do not provide all methodological details that allow
for reproducibility. Thus, hypothetical assets from the paper are deliberately not fully
documented.

Guidelines:

• The answer NA means that the paper does not release new assets.
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• Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

• The paper should discuss whether and how consent was obtained from people whose
asset is used.

• At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

14. Crowdsourcing and research with human subjects
Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?
Answer: [NA]
Justification: The paper does not involve crowdsourcing or research with human subjects.
Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

• According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

15. Institutional review board (IRB) approvals or equivalent for research with human
subjects
Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?
Answer: [NA]
Justification: The paper does not involve crowdsourcing or research with human subjects.
Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

• We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

• For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

16. Declaration of LLM usage
Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.
Answer: [NA]
Justification: The paper does involve the use of LLMs in any important, original, or non-
standard component.
Guidelines:

• The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.
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• Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.
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