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Abstract 

In the coming decades, AI will be one major contributor to the 
offense-defense balance. If we want to steer the future towards a 
high-robustness state, it is important to develop in advance a 
portfolio of defensive technologies that directly benefit from 
economic growth and technological progress. 
What would a general defensive technology against biological 
threats look like? As a motivating example, we investigate whether 
present-day LLMs are capable of autonomous nanobody design. 
Using computational tools [2] as a harness for protein design, we 
enable a generalist LLM to design and test nanobodies. 
Examination of performance trends across LLMs and reasoning 
efforts reveals performance improvements in the designed 
antibodies, demonstrating a scaling trend relevant for safety. 
We argue that theoretical and empirical facts about LLMs make 
them exceptionally well suited for this type of hyperparameter 
search task [8][9]. Moreover, this type of evaluation enables both a 
new paradigm for capabilities assessment and potential for scaling 
defensive technologies. 
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1.​ Introduction 
We want to build technology that protects us from the biggest threats we will face 
as a society in the coming decades. To achieve this with high robustness it is 
important to maintain a balanced portfolio of defensive technologies that both 
leverage scaling factors like compute, power, and industrial capacity, while 
maintaining uncorrelated components that function independently of those general 
improvements. 

Resilience against threats of biological origin is especially relevant due to direct 
impact on public health. This has been made apparent with the recent concerns 
about AI-enabled bio-threats [6][7] . But, what if we could use the power of AI for 
the benefit of defense? 

To investigate this question, we focus on potential application of AI for Bio 
Defense, the automated design of pharmacological compounds. Concretely we focus 
on a type of protein: the nanobodies. Nanobodies (also known as Single Domain 
Antibodies) are a class of proteins with the ability to bind to specific antigens, much 
like antibodies, but substantially smaller and simpler.  

Nanobodies offer potential advantages that are highly relevant for situations in 
which a fast reaction is necessary (like a natural or man-made pandemic). For 
example, nanobodies have very short development times and don't require 
specialized equipment to be developed, which is especially relevant when dealing 
with rapidly evolving strains. However, they also have many drawbacks that would 
make large-scale deployment very challenging. 

There is growing interest in using nanobodies for pharmaceutical applications 
[5][10][11]. 

In recent years, the tools available to protein engineers have been dramatically 
expanded by ML-based biological models [12][13]. This is also true for nanobody 
design [2]. However despite the ease of use of these tools, many aspects of protein 
design are still poorly understood and rely on diffuse and tacit knowledge that only 
researchers have. 

This prompts our central question: "Can we leverage the biological knowledge  
present in state-of-the-art LLMs to automate the design of nanobodies?" 

To answer this question we evaluate several LLMs on the autonomous design of 
nanobodies for Nipah virus using RFantibody as a harness. Several in-silico metrics 
[4] will be used to assess the quality of the designed nanobodies. 
 

 

2.​ Methods 

To operationalize the nanobody design task, we provide the agent with a 
specification sheet containing information about the Nipah virus and the G protein 
(PDB ID 2VSM), which is responsible for binding to Ephrin B2 and initiating the 
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infectious process. We request values for hyperparameters related to design, such 
as the length of the Complementarity Determining Regions and hotspots. 

Experimental Conditions: 

●​ Baseline (No Aids): The agent had access to the internet and terminal but 
no specific protein design tooling. 

●​ Documentation Aids: The model was additionally provided with 
documentation about the RFantibody harness. 

●​ Few-shot Aids: The model was provided with n examples of previous 
designs and their corresponding metrics. 

We primarily report model performance under each condition using the ipSAE 
metric. While ipSAE does not fully capture nanobody quality, it has the benefit of 
being comparable with a human baseline of expert protein designs [1]. Results will 
be released on 01/26. 

 
 

 

 

Figure 1 – Comparison of ipSAE 
across models with and without the 

Documentation Tool 

 

Figure 2 – Comparison of ipSAE 
across models with and without the 

1-Shot Tool 

 

3.​ Results 

More capable models are better at designing nanobodies. Regardless of the 
affordances provided, a clear trend emerges between design quality and general 
model capabilities. The worst performing model is GPT-5-Mini, followed by 
Deepseek R1, Claude Haiku 4.5, GPT-5, and Claude Sonnet 4 Sonnet. If this 
relationship between general capabilities and safety-relevant capabilities holds 
across several orders of magnitude, it would provide strong evidence that AI plays 
an important role in defensive capabilities. 

Models struggle with sequential information aggregation. As shown in Figures 2 
and 3, providing one example of a previous design improves performance; however, 
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when more data points are provided, models struggle to aggregate this information, 
resulting in steep performance degradation. 

 

 

 

 

Figure 3 – Comparison of ipSAE 
across models with different amounts of 

Serial Information 

Figure 4 – Scatter plot of ipSAE and 
pDockQ across models 

 

 

The best-performing models seem to possess more biological knowledge. We 
deliberately limited the scope of experiments to empirical metrics; however, 
inspection of the transcripts in the top right corner of Figure 4 reveals that the best 
model correctly identified the geometric importance of the H3 loop for proper 
docking.. 

4.​ Conclusion and Limitations 

Current generation models can design nanobody libraries in an automated and 
efficient manner when provided with appropriate tools. Results demonstrate a clear 
relationship between underlying capabilities and nanobody design performance. 
Given the versatility of nanobodies and their potential importance for bio-threat 
defense, improved design capabilities through scaling are encouraging. 

However, these experiments are preliminary and we should not jump to 
conclusions. The experiments were limited to a single use case (Nipah virus), and 
we focus on coarse-level metrics that often do not correspond with real-world 
experimental results. 

Despite these limitations, if safety-relevant capabilities scale with general 
capability development, this would provide strong evidence supporting the creation 
of AI native defensive technologies. 
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