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Science frequently benefits from teams of interdisciplinary researchers' 3, but many
scientists do not have easy access to experts from multiple fields**. Although large
language models (LLMs) have shown animpressive ability to aid researchers across
diverse domains, their uses have been largely limited to answering specific scientific
questions rather than performing open-ended research®™. Here we expand the
capabilities of LLMs for science by introducing the Virtual Lab, an artificial intelligence
(Al)-humanresearch collaboration to perform sophisticated, interdisciplinary
science research. The Virtual Lab consists of an LLM Principal Investigator agent
guiding ateam of LLM scientist agents through a series of research meetings, with a
human researcher providing high-level feedback. We applied the Virtual Lab to design
nanobody binders to recent variants of SARS-CoV-2. The Virtual Lab created a novel
computational nanobody design pipeline that incorporates the protein language
model ESM, the protein folding model AlphaFold-Multimer and the computational
biology software Rosetta and designed 92 new nanobodies. Experimental validation
reveals a range of functional nanobodies with promising binding profiles across
SARS-CoV-2 variants. In particular, two new nanobodies exhibit improved binding to
therecentJN.1or KP.3 variants™"® while maintaining strong binding to the ancestral
viral spike protein, suggesting that these are suitable candidates for further investigation.
This work demonstrates how the Virtual Lab can rapidly make an impactful, real-world
scientificdiscovery.

Interdisciplinary scientific research is complex and requires increas-
ingly large teams of researchers with expertise in diverse fields of
science' . For example, the paper by Jumper et al.™ that introduced
AlphaFold2and laterled to the 2024 Nobel Prize in Chemistry” included
34 researchers withexpertise across computer science, machine learn-
ing, bioinformatics and structural biology. Building and coordinating
large teams of researchers who speak different scientific languages and
have different scientific prioritiesis challenging*’. Furthermore, it can
be more difficult for under-resourced groups without connections
to many experts across fields to engage in complex, interdisciplinary
science, especially when dedicated interdisciplinary research funding
is lacking'®.

One source of broad scientificknowledge and insights that research-
ers are now turning to is LLMs such as ChatGPT" and Claude'®. These
LLMs have been trained on vast quantities of text data, including scien-
tificliterature, and they are therefore able to aid researchers in several
ways, such as by answering science questions, summarizing scientific
papers and writing scientific code”. Several studies have explored the
scientific capabilities of LLMs by measuring their ability to answer
scientific questions, and LLMs have shown high accuracy and caneven
match or outperform human scientists at these tasks®™.

However, answering individual science questions is very different
from engaging in sophisticated research that involves multi-step rea-
soning across disparate scientific fields with many unknowns. Although

some prior work has explored the application of LLMs to research,
these studies have often focused on asingle scientific domain and have
explored a relatively narrow set of research questions. For example,
ChemCrow is a framework that gives GPT-4 access to chemistry tools
and can thus solve components of a chemistry research problem, but
it cannot tackle an open-ended, interdisciplinary research problem?.
Another framework called Coscientist includes GPT-4-powered mod-
ules such as a planner and a web searcher to handle several aspects of
research?. However, Coscientist is primarily applied to relatively stand-
ard chemistry tasks such as chemical synthesis planning as opposed
to high-level research design across disciplines. By contrast, the Al
Scientist aims to use LLMs to perform the entire scientific process from
generating a hypothesis to writing code to drafting a paper, but the
applications arelimited to narrow subfields of machine learning with-
out real-world experiments or validation?. Si et al.” similarly explore
the use of LLMs for research idea generation and demonstrate prom-
ising results when comparing LLM research ideas to human research
ideas, but the applications are limited to the field of natural language
processing and do not include any implementation of the research
ideas.

Herewe introduce the Virtual Lab to overcome these shortcomings
via an Al-human research collaboration that performs interdiscipli-
nary science to investigate broad, complex research questions. In
the Virtual Lab, a human researcher guides a set of interdisciplinary
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Fig.1|TheVirtual Lab architecture. a, The workflow for designing agentsin
the Virtual Lab. Each agentis specified with four criteria: Title, Expertise, Goal
andRole. Thehumanresearcherinthe Virtual Lab specifies these criteriato
define the Plagent and the Scientific Criticagent. Then, givenashortdescription
ofthe project by the human researcher, the Plagent automatically creates
several scientistagents towork on the project by specifying their Title, Expertise,
GoalandRole, usingits own promptas anexample. b, The workflow forateam
meetinginthe Virtual Lab. The humanresearcher writes an agenda for the
meeting, specifying the topic of discussion. The Plagent begins the meeting by
providinginitial thoughts and agenda questions as a guide for the remaining
agents. Then, over the course of Nrounds of discussion, each scientist agent

Alagents®*®, such as a biologist or computer scientist, through a set

of research meetings that tackle the different phases of a research
project. The Al agents are run by an LLM that powers their scientific
reasoning abilities with instructions that guide each agent’s scien-
tific expertise and interaction with the other agents and the human
researcher. The Virtual Lab architecture is versatile and can poten-
tially be applied to a wide variety of interdisciplinary science research
projects.

To demonstrate the abilities of the Virtual Lab, we use it to tackle a
high-impact, real-world, open-ended scientific problem: designing new
nanobodies that exhibit binding to the latest variant of SARS-CoV-2.
There are many ways in which scientists could attempt to design such
nanobodies, so the Virtual Lab must reason across multiple subfields
of biology and computer science to make aseries of interrelated deci-
sionsabout how to best design these nanobodies. Through a series of
meetings, the Virtual Lab develops a novel computational nanobody
design workflow thatincorporates the protein language model ESM?,
the protein folding model AlphaFold-Multimer? and the computational
biology software Rosetta to mutate existing nanobodies that bind to
thereceptor-binding domain (RBD) of the spike protein of the ancestral
(Wuhan) strain of SARS-CoV-2 to create nanobodies that bind to the
latest variants of the virus, for which an effective binder is lacking®.

providesitsresponse, followed by a critique by the Scientific Critic agent, with
the Plagent then synthesizing the discussion and asking follow-up questions.
Finally, after the Nrounds of discussion, the Plagent summarizes the discussion
and provides ananswer regarding the meeting agenda. ¢, The workflow for an
individual meeting. The human researcher writes an agenda for the meeting
specifying the topic of discussion. Then, the scientist agent tasked with the
individual meeting provides aresponse to the agenda, whichis critiqued by the
Scientific Critic. Ineachround, the scientist agent improves its answer based
onfeedback fromthe Scientific Critic. Finally, after the Nrounds, the scientist
agent providesits final, improved answer.

We experimentally validated 92 mutant nanobodies designed by the
Virtual Lab, finding that more than 90% of the nanobodies were
expressed and soluble, and that two promising candidates showed
unique binding profiles to the recent JN.1 and KP.3 spike RBD vari-
ants'>, This outcome illustrates the capability of the Virtual Lab’s
Al-humancollaborationto execute acomplex, interdisciplinary science
research project that translates to a validated result in the real world.

Virtual Lab architecture

We created the Virtual Lab as a collaboration between a human
researcher and a team of LLM agents to conduct sophisticated, inter-
disciplinary research (Fig.1). The humanresearcher provides high-level
guidance for the LLM agents, whereas the LLM agents both decide on
general research directions and design solutions to specific research
problems. Each agentisimplemented by providing the underlying LLM
with a prompt defining the agent, which includes its title, expertise,
goal androleintheresearch project (Methods). The humanresearcher
defines two general agents, a Principal Investigator (PI) and a Scientific
Critic, and the Pl agent then automatically creates a set of scientific
agents (for example, an immunologist) depending on the scientific
topic of interest to the human researcher (Fig. 1a).
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The Virtual Lab performs research via meetings of two forms: team
meetings and individual meetings (Methods). Inboth cases, the human
researcher provides an initial agenda to guide the discussion, and
then the agents discuss how to address the agenda. In team meetings
(Fig. 1b), all of the agents discuss a broad research question and work
together to come up withan answer. Inindividual meetings (Fig. 1c), a
single scientific agentis given amore specific task toaccomplish, such
as writing code for a machine learning model, and the agent works
either alone or in conjunction with the Scientific Critic agent, which
provides critical feedback. Both forms of meetings can be run multiple
timesin parallel followed by an aggregation meeting to generate more
robust answers (Extended Data Fig. 1). Thus, through a series of team
and individual meetings, the Virtual Lab tackles a complex research
project.

Virtual Lab for nanobody design

Given the flexibility of the Virtual Lab architecture, it can be applied
toawide variety of interdisciplinary research projects by adapting the
agents and the flow of team and individual meetings to the goals and
constraints of the specific project. As ademonstration in the domain
of biological research, we applied the Virtual Lab with GPT-40% pow-
ering the agents to design antibodies or nanobodies that can bind to
the spike protein of the KP.3 variant of SARS-CoV-2, which was one of
the latest emerging variants at the time of this work® (Fig. 2). This is
animportant and challenging problem because SARS-CoV-2is rapidly
evolving resistance to existing antibody and nanobody therapies, so
quickly developing new antibody or nanobody therapies that overcome
thisresistance and bind to the latest variantsis crucial to treating those
who are infected®**. The Virtual Lab tackles this problem by rapidly
creating acomputational workflow to design antibodies or nanobodies
for the KP.3 variant of SARS-CoV-2, which can then be experimentally
validated by human biologists. The Virtual Lab created the computa-
tional antibody/nanobody design process in five phases:

(1) Team selection. An individual meeting with the Pl to define a set of
scientist agents to work on the project (Fig. 2a).

(2) Project specification. Ateam meeting to specify the project direction
by deciding on key high-level details (Fig. 2b).

(3) Tools selection. A team meeting to brainstorm machine learning
and/or computational tools for nanobody design (Fig. 2c).

(4) Tools implementation. A series of individual meetings to imple-
ment three components of the nanobody design workflow: ESM,
AlphaFold-Multimer and Rosetta (Fig. 2d). First, anindividual meet-
ing with the Pl to decide which scientist agent implements each
component. Then, for each component, anindividual meeting with
the selected scientist agent and the Scientific Critic to write the code
forthat component followed by one (ESM and AlphaFold-Multimer)
or two (Rosetta) individual meetings with the same scientist agent
(no Scientific Critic) to correct errors in the code.

(5) Workflow design. An individual meeting with the Pl to determine
the workflow for applying these computational tools (Fig. 2e).
These phases are discussed in more detail in the Methods.

Computational nanobody design

The Virtual Lab built acomputational nanobody design workflow that
takes existing nanobodies that bind the Wuhan strain of SARS-CoV-2
and adapts them to bind to the recent KP.3 variant (Fig. 3a). Specifi-
cally, the workflow starts with four nanobodies—Ty1*?, H11-D4*, Nb21**
and VHH-72%—and uses three tools, ESM, AlphaFold-Multimer and
Rosetta, toiteratively introduce point mutations into those nanobodies
toimprove their binding to the RBD of the spike protein from the KP.3
variant of SARS-CoV-2 (Methods).

In the workflow, first, ESM computes the log-likelihood ratio (LLR)
of each single point mutation in the nanobody sequence compared
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Fig.2|Virtual Lab for nanobody design. The workflow used to apply the Virtual
Lab tonanobody design for the KP.3 variant of SARS-CoV-2. a, The workflow
begins with the humanresearcher defining the Pland Scientific Critic agents by
specifying their Title, Expertise, Goal and Role. Then, inanindividual meeting,
thePlagentcreatesateam of three scientist agents for the project.b, Ateam
meeting discusses the project specification, and the agents make decisions
such aswhether to designantibodies or nanobodies. ¢, In another team meeting,
theagents suggest aset of computational tools for nanobody design, including
ESM, AlphaFold-Multimer and Rosetta. d, Inaseries ofindividual meetings, the
Machine Learning Specialist and Computational Biologist, with helpful feedback
from the Scientific Critic, write code and subsequently improve that code for
the ESM, AlphaFold-Multimer and Rosetta components of the nanobody design
workflow. e, Inanindividual meeting, the Plagent decides the workflow for
using the three computational tools to design and select mutated nanobody
candidates.

with the input nanobody sequence, with higher ESM-computed LLRs
(ESM LLRs) indicating better (that is, more stable) nanobodies (see
Supplementary Note 1foradiscussionof the LLR formula created by the
Virtual Lab). Then, the top 20 mutant sequences by ESM LLR are com-
bined with the KP.3 RBD and processed by AlphaFold-Multimer, which
predictsthe structure of the complex of the two proteins and computes
theinterface predicted local distance difference test (AF ipLDDT) asa
measure of the confidence of the binding interface between the mutant
nanobody and the spike RBD. Next, those 20 predicted nanobody-spike
complexes are fed into Rosetta, which relaxes their structures and
computes the binding energy (RS dG). The ESM LLR, AF ipLDDT and



a

AlphaFol
—> QUQLVE.. —>  ESM S s Rosetta
DVQLVE... DVQLVE...
AF ipLDDT = 76.52 RS dG =-37.91
DVQLVE...
WS = 50.36
J
b c d
---- Input sequence - ° 0.5 Round 1
0.4 4 o (] oun:
— Round 1 -50.0 N Round 2
Round 2 475 | ) ° P 04 — Round 3
03 | — Round 3 ’ —— Round 4
: Round 4 _45.0 4 L
2 o ®| > 034
2 ] + [ ] ®
& oo | o -42.5 2
8 02 ] ° 8
-40.0 1 + Wild type 0.2
® Round 1
0.1 - -37.5 1 Round 2 04 4
_350 ] @ Round3 ’
’ ® Round 4 °
0 T T T T T T T T 0 T T T T T T T T
0 2 4 6 8 70 75 80 85 450 475 500 525 550 575 60.0 625
ESM LLR AF ipLDDT wWs
e f g
1
1 -=--- Wild type .
8 1 | l - Rounc)i/‘l 521® & ) + Wil type C
o [ J ® Round 1
Round 2 50 Round 2
6 = Round 3 o ©® ® Round 3
B s Round 4 —48 & ® Round 4
3 S s
o} ! —46 Y
S 44 2 ° ® °
! —44
: + °
2 —42 4
[ ] ¢
-40 4 °
0 T T T T T T T T T
0 2.5 5.0 75 100 125 150 70.0 725 750 775 80.0 825 850 875

ESM LLR versus wild type

Fig.3|Nb21nanobody analysis. a, Each round of nanobody design begins
with ESM computing LLRs of single point mutations to theinput sequence. For
thetop 20 mutantsequences by ESMLLR, AlphaFold-Multimer predicts the
structure of the nanobody and SARS-CoV-2 spike protein and computes the AF
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b-d, Evolution of mutant nanobody scores across four rounds of optimization.
b, The distribution of ESM LLR values for proposed Nb21 mutant nanobodies
across eachround of optimization, with ESM LLR values computed relative to
theinputnanobody sequence from the previous round. Shown are the ESMLLR
values of the top 20 proposed mutant nanobodies perinput nanobody. ¢, The
AFipLDDT and the RSdG of the top five proposed nanobodies, selected by WS,

RSdGscores are combinedinto aweighted score (WS) using the formula
WS=0.2x (ESMLLR) + 0.5 % (AFipLDDT) - 0.3 x (RSdG). The 20 mutant
nanobodies are ranked by WS and the top five are selected. Those five
arethenfedbackinto the pipeline to introduce another round of point
mutations. The process isrepeated four times total tointroduce up to
four mutations. Finally, 23 mutated nanobodies are selected for each
of the four starting nanobodies (92 total) using a modified weighted
score, WSV, This score is the same as the WS except that it uses amodi-
fied ESM LLR"T, which is the ratio between the proposed nanobody
(with one to four mutations) and the wild-type nanobody (with zero
mutations) rather than the input nanobody from the previous round
(with one less mutation).

The successive rounds of optimization improved the quality of the
proposed mutant nanobody sequences accordingto the three metrics

AF ipLDDT

atthe end of each round of optimization. d, The distribution of WS values of
thetop five proposed nanobodies at the end of each round of optimization.
e-g, Analysis of the final set of 23 mutant nanobodies selected across all
rounds of optimization. e, The distribution of ESM LLR"" values for the selected
nanobodies and the wild-type nanobody. f, The AF ipLDDT and RS dG values of
theselected nanobodies and the wild-type nanobody. g, The structure (predicted
by AlphaFold-Multimer followed by Rosetta relaxation) of the RBD of the KP.3
spike protein (cyan) and the nanobody mutant Nb21177V-L59E-Q87A-R37Q
(green).Side chains are shown forinterface residues (residues within 4 A of the
opposite chain). Mutant nanobody residues are in pink. Structure images were
generatedinPyMol 3.1.3.

of ESMLLR, AFipLDDT and RS dG. Figure 3b-g show relevant metrics
for Nb21, and similar results were obtained for Tyl (Extended Data
Fig.2), H11-D4 (Extended DataFig.3) and VHH-72 (Extended DataFig. 4).
Extended Data Table 1 shows scores for the wild-type sequence and
some of the mutant sequences that were selected for experimental
validation.

Ineachround, the top sequences selectedby ESMLLR had LLR values
in the range 1-8, indicating that each subsequent round of mutation
improved the overall quality of the nanobody compared with theinput
sequence fromthe previousround (Fig. 3b). Thisis accordingto ESM’s
internal understanding of nanobody likelihood, which does not take
the antigen (spike protein) into account but does understand overall
nanobody quality. The top mutant nanobody sequences selected by
ESMLLR ineach round generally had improved structural complexes
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Fig.4 | Experimental validation of Virtual Lab nanobodies. a, Histogram of
expression levels across 96 nanobodies. Titre is expressed as milligrams of
soluble, periplasmic nanobody per litre of culture. b, ELISA binding profiles
of nanobodies to a panel of antigens. For each SARS-CoV-2 RBD protein and
BSA, individual spots represent the ELISA binding intensity of each of the 24
nanobodies. Unmutated nanobodies (H11-D4, Nb21, Tyl and VHH-72) are shown
inblack and nanobodies exhibiting high non-specific binding are shownin
shades of red (light pink, pink and magenta). The Nb21 mutant (I77V/L59E/
Q87A/R37Q) and the Tyl mutant (V32F/G59D/N54S/F32S) that bind toJN.1are
showningreen.Dataare the meanof2 measurementsatananobody lysate

with the KP.3 spike protein, based on improved AF ipLDDT, improved
RS dG or both (Fig. 3c). The WS values of the top five sequences at the
end of each round improved (Fig. 3d), even when using the ESM LLR
instead of the ESM LLR"" that corrects for the effect of multiple muta-
tions and not just the most recent mutation.

After correction, the ESM LLRY" for the final selected 23 sequences
showed alarge improvement over the wild-type sequence (Fig. 3e).
These selected sequences also had improved AF ipLDDT and RS
dG scores compared with the wild type (Fig. 3f). An example of the
AlphaFold-Multimer-predicted structure (with Rosetta relaxation) of
atop-scoring mutant nanobody is shown in Fig. 3g. Notably, the final
set of 23 selected nanobody sequences includes sequences with dif-
ferent numbers of mutations (that s, from different rounds) and with
adifferent balance of ESM LLR"", AF ipLDDT and RS dG values, show-
ing a diversity of potential improvements to the wild-type nanobody.

Applying thisworkflow to each of the 4 starting nanobodies resulted
in 92 final selected sequences (23 per starting nanobody). All 92 mutant
nanobodies had apositive ESM LLR, indicating that ESM preferred the
mutant over the wild type. Among the 92 mutant nanobodies, 78 (85%)
had an AFipLDDT greater than their respective wild-type nanobody, and
32(35%) had an AFipLDDT >80, whichisin line withthe AFipLDDT scores
of high-accuracy AlphaFold-Multimer antibody-antigen structural
models®. Furthermore, 60 (65%) had an RS dG lower (better) than their
respective wild-type nanobody, and 23 (25%) of the 92 mutants had an
RSdG <-50, whichisinline with strong Rosettabinding energy values
of nanobodies or antibodies in complex with the SARS-CoV-2 RBD*%.

Experimental validation of nanobodies

Tovalidate the nanobodies designed by the Virtual Lab, we conducted
aset of experiments to measure their binding to a panel of spike RBD
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dilution of1:2. ¢, Comparison of ELISA binding of mutants and their unmutated
sequences. Datashownare 2 biological replicates at a12-point serial dilution of
purified nanobody, fitted to a4-parameter logistic curve. d, Location of mutant
nanobody mutations. Models of Nb21(177V/L59E/Q87A/R37Q) and Ty1(V32F/
G59D/N54S/F32S) generated by the Virtual Lab using Alphafold-Multimer, are
showninribbonrepresentation (blue), with the complementarity-determining
regionloopsshowninorange. Mutations introduced by the Virtual Labare
showninpinkandinredcircles. Structureimages were generated using
ChimeraX®.

proteins (Extended DataFig. 5). We first overexpressed each nanobody
in Escherichia coliandisolated soluble protein fromthe periplasm. The
designed nanobodies show excellent expression, with 38% (35 out of 92)
ofthe designs having titres of more than 25 mg of soluble, periplasmic
nanobody per litre of cell culture (Fig. 4aand Extended Data Fig. 6) and
only 6.5% (6 out of 92) of the designs having a titre of less than5 mg I™.
Thus, the mutations proposed by the Virtual Lab are well tolerated and
donot cause large-scale misfolding or aggregation of the nanobodies.

To determine whether the 92 mutant nanobodies—23 each for Tyl,
H11-D4, Nb21and VHH-72—and the 4 wild-type nanobodies could bind
tothe SARS-CoV-2KP.3 spike RBD, we generated a spike RBD array that
included the KP.3 RBD protein, its closely related parental strain (JN.1
RBD), a closely related variant (KP.2.3 RBD), an early Omicron vari-
ant (BA.2 RBD) and the ancestral strain (Wuhan RBD), which all four
wild-type nanobodies show specificity for.

Using this RBD array, we first profiled the binding of all 96 nanobod-
ies by indirect enzyme-linked immunosorbent assay (ELISA) to each
antigen at a nanobody lysate dilution of 1:2 (Fig. 4b). For the H11-D4
and Nb21series, binding to Wuhan RBD is overwhelmingly retained
in 96% of mutant nanobodies (44 out of 46). Three mutants in the
H11-D4 series have high non-specific binding to bovine serum albumin
(BSA) and all of the RBDs (Fig. 4b), possibly owing to the Virtual Lab
inadvertently introducing an R27C mutation, which may be leading
to disulfide crosslinking. In contrast to the H11-D4 and Nb21 mutants,
the Tyl mutants, overall, exhibit poor binding to Wuhan RBD (10 out
of 23 mutants). If position 32 of Tyl, selected by the Virtual Lab as the
firstresidue to mutate for each mutant, is not well tolerated, this could
resultin the observed poor binding to Wuhan RBD compared to the
H11-D4 and Nb21 mutants. More than half of the VHH-72 mutants (13
out of 22) retain binding to Wuhan RBD at levels similar to that observed
for the unmutated VHH-72 nanobody. Thus, the Virtual Lab designs



are, overall, well tolerated with respect to preserving their original
specificity to Wuhan RBD.

Of the 92 Virtual Lab-designed nanobodies, two show promising
binding profiles beyond that of Wuhan RBD. The first, derived from
Nb21(177V/L59E/Q87A/R37Q) (that is, Nb21 with the mutations 177V,
L59E, Q87A and R37Q), shows binding to JN.1 RBD in ELISAs with no
non-specific binding to the Middle East respiratory syndrome coro-
navirus (MERS-CoV) RBD and BSA (Fig. 4b-d). Maximal binding of the
purified mutantnanobody toJN.1RBDis less than that to Wuhan RBD,
with aweaker half-maximal effective concentration (ECs) (2.0 ng ml™
versus 0.2 ng ml™) revealing that this new binding to JN.1 RBD may
be moderate. The wild-type Nb21 has very low ELISA binding to JN.1
RBD (Fig. 4b), suggesting that the Virtual Lab mutant has improved
upon this existing very weak binding. Of note, this mutant also shows
increased binding to KP.3 RBD (average intensity = 3.5) compared with
the other Nb21 mutants (average intensity = 0.06 + 0.09, n = 22) and
the unmutated sequence (average intensity = 0.1) (Fig. 4b). We further
confirmed this KP.3 binding enrichment in separate ELISA experiments.
Thesecond, a Tyl mutant nanobody (V32F/G59D/N54S/F32S) not only
improved binding to Wuhan RBD, as measured by ELISA, but also gained
moderate binding to JN.1RBD (Fig. 4b-d). By contrast, we see no evi-
dence for even low levels of unmutated Tyl nanobody binding toJN.1
RBD (further details in the Supplementary Note 2).

Across the mutant nanobodies, the preserved and improved binding
affinities for the Wuhan RBD (and JN.1 RBD for Nb21) relative to their
respective wild-type formsis likely to be due to the effect of the Virtual
Lab’s use of ESM log likelihoods, which are agnostic to the antigen
but select for evolutionarily favourable nanobody sequences with
improved fitness®®. By contrast, the Tyl mutant that gained binding
affinity for theJN.1RBD, whichis the close ancestor of KP.3 sharing 99.1%
identity in the RBD* (220 out of 222 residues), and the Nb21 mutant that
gained binding affinity for the KP.3 RBD and improved binding affinity
fortheJN.1RBD may demonstrate the effect of the AlphaFold-Multimer
and Rosetta scoring, which explicitly aim to predict binding affinity of
the mutant antibody to the KP.3 RBD, and thus by extension the closely
related JN.1RBD. Through the use of these three tools, the Virtual Lab
designed a set of promising nanobody candidates with potential for
further development.

Analyses of Virtual Lab interactions

The Virtual Lab proceeded rapidly through the phases of the nano-
body design workflow, with each meeting (or aset of parallel meetings)
only taking the agents about 5-10 min (approximately US$1-2 GPT-40
token cost), for a total of around 1-2 h (US$10-20 GPT-40 token cost)
to complete all of the phases of meetings. Factoringin the timetotune
the prompts for each phase to elicit the most productive and relevant
discussions and to review and debug the code written by the agents,
the Virtual Lab completed its nanobody workflow design in just a few
days, compared with an estimated period of several weeks for ahuman
researcher workingindependently to design and build the same pipe-
line from scratch. It then took about a week to run the computational
nanobody design pipeline (ESM, AlphaFold-Multimer and Rosetta),
followed by around six weeks to synthesize the nanobodies and two
weeks for binding experiments.

Within the Virtual Lab discussions, the individual identities of the
agents contributed to a comprehensive, interdisciplinary discus-
sion with each agent providing a perspective based on their specific
background (Fig. 5a; additional analysis in Supplementary Note 3).
By contrast, a team of generic agents without distinct scientific back-
grounds tends to argue more among themselves owing to a lack of
clearly defined roles, more often leading to suboptimal answers (see
ablation experimentsin Supplementary Note 4). Thehumanresearcher
only needs to provide minimal text input, writing just 1,596 words
(defined as space-separate tokens) across all phases of the workflow,

representingjust1.3% of all the words written by the Virtual Lab (Fig. 5b).
By contrast, the LLM agents wrote 122,462 words (98.7% of all words).
The ESM, AlphaFold-Multimer and Rosetta scripts were all written from
scratch by the agents, and some complementary data wrangling and
jobscheduling scripts were written by the human researcher to handle
the specific conditions of our compute infrastructure. All scripts were
run by the human researcher in accordance with the decisions made
by the agents.

The Virtual Lab meetings reveal interesting dynamics among the
agents that affect their scientific discussions. For example, different
agents write different amounts depending on the meeting context
(Fig. 5Sb-e and Extended Data Fig. 7). In team meetings, the Pl tends
to write the most, which is reasonable given that the Pl not only has
to synthesize the agent responses after each round of discussion to
guide the next round but also has to initiate the meeting and write a
summary at the end. The Scientific Critic writes more than the scientist
agents, because the Scientific Critic must address the limitations of
every agents’ response, whereas each scientist agentis only concerned
with providing its own opinions. The use of parallel meetings (Methods)
and the inclusion of the Scientific Critic were particularly notable,
because they tended to lead to answers with improved consistency
and quality (Supplementary Note 3).

Discussion

The Virtual Lab achieved its goal of engaging in asophisticated, inter-
disciplinary science research project, as demonstrated by its design
of nanobodies with experimentally validated, diverse binding profiles
across multiple strains of SARS-CoV-2. The humanresearcher and team
of LLM agents in the Virtual Lab worked together through a series of
meetings to rapidly build a complex nanobody design pipeline that
incorporates state-of-the-art machine learning and computational
biology tools. Building this pipeline required knowledge of multiple
areas of science fromimmunology to protein folding to machinelearn-
ing and required making decisions that involved reasoning across
many aspects of the project simultaneously. The Virtual Lab success-
fully built and ran this nanobody design pipeline, starting with a set
of four well-characterized nanobodies (Tyl, H11-D4, Nb21 and VHH-
72) with potency and diverse binding modes against early variants of
SARS-CoV-2*2* and developing theminto 92 nanobody candidates for
recent variants of SARS-CoV-2 that were experimentally validated by
human researchers. These 92 nanobodies—efficiently selected from
thetrillions of nanobody sequences with1-4 mutations—include can-
didates for further development, suchasaNb21 mutant thatenhances
binding to the JN.1 RBD and gains binding to the KP.3 RBD and a Tyl
mutant that gains binding to the JN.1RBD. This outcome serves as an
example of how human researchers can partner with LLM agents in
the Virtual Lab torapidly achieve a promising scientific result that can
streamline further experiments. Evenif the ultimate scientific decisions
ofthe Virtual Lab agents are similar to those in the scientificliterature,
the ability of the agents to quickly adapt those methods to the scien-
tificquestion at hand shows how LLM agents can potentially empower
humanresearchers to do complex, interdisciplinary science even when
they do not have access to an expert panel of human scientists.
Previous work applying Al to science has generally treated Al meth-
ods as tools used by human researchers, such as AlphaFold to predict
protein structures™ or LLMs to answer scientific questions®™, with
the humanresearcher makingall the high-level research decisions and
design choices. By contrast, in the Virtual Lab, human researchers work
alongside LLM agents to designand runaresearch project. The strength
of the Virtual Lab comes fromits multi-agent>**°~**architecture, which
empowers an Al-human scientific collaboration through a series of
meetings betweenahumanresearcher and ateam of interdisciplinary
LLM agents. The different backgrounds of the various scientist agents
leads to discussions that approach complicated scientific questions
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a
A Principal Investigator: | want to emphasize the significance of our objective: to develop effective
Q D antibodies or nanobodies that can target the newest variant of the SARS-CoV-2 spike protein, while
65 A also maintaining activity against other circulating minor variants and past variants.

and binding data for rapid development.

limited or non-representative datasets.

Words written

Scientific Critic

Principal Investigator
1.3%

22.0%
Human researcher

5.8%
Immunologist

Machine Learning
Specialist

Computational Biologist

d Words written in ESM

Machine Learning
Specialist

0.9%
Human researcher

Scientific Critic

Fig.5|Virtual Lab discussion analysis. a, Excerpts froma Virtual Lab team
meeting discussing the nanobody project specification. Each LLM agent
addresses the agenda fromits own perspective based onits Title, Expertise,
GoalandRole, leading to acomprehensive and interdisciplinary discussion of
theagenda.b, The number of words (space-separated tokens) written by the

from multiple angles, thereby contributing to comprehensive answers.
Furthermore, the Plagent helps guide the discussions, make key deci-
sions and summarize conversations for the humanresearcher, whereas
the Scientific Critic agent pushes the other agents to improve their
answers to maximize the quality of their science. The inclusion of
the human researcher is also vital as it enables the human to provide
high-level guidance where the agents lack relevant context, such as
choosing readily available computational tools and introducing con-
straintsin experimental validation. The team and individual meetings
provide two distinct forums for discussionin the Virtual Lab, enabling
high-level conversations about research directions in the team meet-
ings and low-levelimplementation of specific solutions inthe individual
meetings. Throughout these meetings, the extended conversations
between interdisciplinary agents extracts knowledge and reasoning
abilities from theunderlying LLMin a similar way to chain-of-thought
prompting® but with the added benefit of different agent perspectives
and a human-in-the-loop to guide the conversations.

Although the Virtual Lab architecture provides useful structure for
scientific discussions between the human researcher and the LLM
agents, it has several limitations that are inherent in the current gen-
eration of LLMs. For example, because LLMs are only trained on data up
toacertain date (the ‘knowledge cutoff’), the agents may not be aware
of the most up-to-date scientific literature and code** (for example,
knowledge about AlphaFold 3* versus AlphaFold-Multimer?). However,
theseissues could be fixed by providing the agents with relevantinfor-
mationand documentation, for example through retrieval-augmented
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Immunologist: | recommend modifying existing nanobodies. We have a wealth of data on several
broadly neutralizing nanobodies that have shown efficacy against diverse SARS-CoV-2 variants. This
approach reduces the risk and time associated with de novo design, leveraging existing structural

Machine Learning Specialist: | agree with the emphasis on nanobodies... Their smaller size also
means fewer degrees of freedom, which can simplify machine learning model complexity... For
modifying existing nanobodies, we can utilize deep learning models trained on structural and
sequence data to predict changes that enhance binding affinity and cross-reactivity.

Computational Biologist: The machine learning models proposed are excellent, and coupling them

with molecular docking and simulations can create a robust pipeline. For instance, once a machine
learning model suggests modifications, simulations can be used to validate and refine these predictions
by assessing the energetic favorability and structural compatibility with the spike protein.

Scientific Critic: We must remain cautious of over-reliance on computational predictions without
thorough cross-validation. Machine learning models can suffer from bias, particularly if trained on

Words written in project specification

Principal Investigator
36.4% N\ 0.59%

Scientific Critic
Human researcher

Computational Biologist
Immunologist . . L
Machine Learning Specialist

€ Words written in workflow design

A Human researcher

Principal
Investigator | 89.8%

Virtual Lab (humanresearcher and each LLM agent) across all phases of the
nanobody design process. ¢, Thenumber of words written by the Virtual Labin
the project specification phase.d, The number of words written by the Virtual
Labin ESMimplementation. e, The number of words written by the Virtual Lab
inthe workflow design phase.

generation*** or finetuning*® (see Supplementary Note 5 for an explo-
ration of finetuning agents). Additionally, future work could explore
developing sandboxed environments to enable the agentstoindepen-
dentlyinstall computational or Al tools and then write, debug and run
code that uses those tools for a particular application.

Another challenge faced by the Virtual Lab—and another inherent
limitation of LLMs—is the need for prompt engineering to obtain useful
answers from the LLM agents*’. Without appropriate guidance, the LLM
agents can give vague answers. This means that the humanresearcher
may have to iterate on a meeting agenda several times before the Vir-
tual Lab provides a desirable response (Supplementary Note 4). Even
so, therole of prompt engineeringin the Virtual Lab may shrink as the
underlying LLMs are further improved.

The currentgeneration of LLMs is also known to sometimes provide
incorrect or misleading answers (often termed hallucinations®). In the
context of the Virtual Lab, this could mean that the agents might invent
incorrect scientific facts or citations. These limitations could be partly
mitigated through multi-agent interactions such as having the critic
question the veracity of information provided by the other agents or
by providing the agents with access to resources (such as the text of
scientific papers) to verify their knowledge. Itis stillimportant for the
humanresearcher working with the Virtual Lab to verify key facts and
decisions on the basis of trusted scientific sources.

Although we applied the Virtual Lab to nanobody design here, the
Virtual Labarchitecture of LLM agents and meetings is agnostic to spe-
cific research questions or scientific domains. The Virtual Lab can be



implemented withany set of scientist agents and any humanresearcher,
and the conversations in the meetings will naturally adapt based on the
humanresearcher’s agenda and the backgrounds of the agents. Eventhe
underlying LLM that powers the agents could be exchanged, meaning
that the Virtual Lab can improve its scientific abilities as LLMs grow
more capable. However, even as the Virtual Lab expands its capabili-
ties, human scientists will still be vital to guide the Al agents in their
choice of scientific questions, methodologies and analyses to match
thescientific values and interests of the human researchers. Although
the experimental results here are limited to the domain of nanobody
design, with future work, we envision the Virtual Lab as a powerful
framework for human researchers to engage in interdisciplinary sci-
ence research with the help of LLMs.
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Methods

Virtual Lab architecture
The following sections describe the architecture of the Virtual Lab in
more detail. All prompts are provided in Supplementary Note 6.

Agents. EachLLM agent in the Virtual Lab is defined with a prompt that
specifies four key criteria: (1) Title, the name of the agent; (2) Expertise,
the scientific expertise the agent has; (3) Goal, the ultimate goal of the
agentin the context of the research project; and (4) Role, the specific
role that the agent will play in the research project.

The agents of the Virtual Lab are led by an agent called the PI. The PI
agent has expertiseinartificial intelligence for scientific research witha
goal of maximizing the scientificimpact of research and with the role of
guiding theresearch project. The Plagent then automatically creates a
set of scientist agents that are appropriate for the research project based
onashortdescription of the project written by the humanresearcher.
The Pl defines these scientist agents by specifying each agent’s title,
expertise, goal, and role, using its own prompt as an example.

In addition to the Pl and scientist agents, we find it useful to create
an explicit critic agent to catch errors and oversights from the other
agentsandto give critical feedback on answers provided by the other
agents®2. Therefore, aScientific Critic agent can be added to any team
meeting orindividual meeting to provide critical feedback to the other
agents.

Meetings. Interactions in the Virtual Lab happen through meetings,

which can be either team meetings with all the agents or individual

meetings with asingle agent (and optionally the criticagent). Both types

of meetings share the following set of inputs that structure the meeting.

1. Agenda: (required)adescriptionofthescientific topic to be discussed
during the meeting.

2. Agenda questions: (optional) aset of questions that the agents must
answer by the end of the meeting.

3. Agenda rules: (optional) a set of rules that the agents must follow
during the meeting.

4. Summaries: (optional) agent-written summaries of previous meet-
ings to provide information about previous decisions.

5. Contexts: (optional) additional information (for example, scientific
papers) for the agents to take into consideration.

6. Rounds: (required) the number of rounds (typically N = 3) of discus-
sionamong the agents.

The team and individual meetings differ in terms of the agents that
participate in the meeting and the prompts that guide the flow of the
meeting.

Team meeting. In team meetings, all the agents (Pl agent, scientist
agents and Scientific Critic agent) participate in a conversation to
address a broad research topic. First, the human researcher writes
an agenda for the team meeting along with any applicable agenda
questions and agenda rules. The team meeting then begins with an
automatically constructed prompt thatintroduces the agents, agenda,
agenda questions (if any), and agendarules (if any) and describes the
flow of the meeting, which involves multiple rounds of discussion. The
Plagent is prompted to start the discussion by providing their initial
thoughts and any guiding questions that they want to ask the team.
Then, each scientistagent and the Scientific Criticagent are prompted
one-by-one (inanorder set by the human researcher) to provide their
thoughts onthe ongoing discussion giveneverything that hasbeen said
by the other agents. At the end of a round of discussion, the Pl agent
synthesizes the points raised by each agent, makes decisions based on
agent input, and asks follow-up questions to further the discussion.
After Nrounds of discussion (with N set by the human researcher),
the Plagent summarizes the discussion for future meetings, provides

arecommendation regarding the agenda, and answers the agenda
questions (if any). The human researcher in the Virtual Lab can then
read just this final response by the Pl agent, thus benefiting from the
extensive discussions among the LLM agents while only needing toread
the final short response to understand the decisions that were made.

Individual meeting. In individual meetings, a single agent tackles a
specific task that falls within their area of expertise, optionally with
critical feedback provided by the Scientific Critic agent. To start an
individual meeting, the humanresearcherinthe Virtual Lab selects the
agent that will participate. An automatically constructed promptintro-
ducesthe agenda, agenda questions (if any), and agendarules (if any)
and then immediately asks the agent for a response. If the individual
meeting has zero rounds (N = 0), then the agent provides a response
and the meeting ends. If the individual meeting includes one or more
rounds (V>1), thenin each round, the agent provides a response and
then the Scientific Critic agent provides critical feedback to improve
theagent’sresponse. After these rounds, the selected agent responds
one more time to provide the final, improved answer.

Parallel meetings. Toimprove the expected quality and comprehen-
siveness of answers for agiven meeting, the same meeting (same agents,
same prompts) can be runmultiple timesin parallel to produce multiple
answers (due to the inherent randomness in responses generated by
LLMs). Then, an individual meeting with the appropriate agent (that
is, the Pl agent for team meetings or the relevant scientist agent for
individual meetings) is run to merge the summaries of each of the paral-
lel meetings into a single answer that incorporates the best elements
from each of the parallel meetings. To boost creativity while produc-
ing a consistently high-quality answer, each of the parallel meetings is
run with a higher ‘creative’ temperature of 0.8 while the single merge
meetingis runwith alower ‘consistent’ temperature of 0.2, where tem-
peratureis the LLM parameter that controls theamount of randomness
or uncertainty in the generation®>**, Parallel meetings are similar in
nature to the method of majority voting from multiple LLM queries®,
butthe Virtual Lab’s parallel meetings use amore complex and flexible
merging of answers viaa meeting with an LLM agent.

Virtual Lab for nanobody design

We applied the Virtual Lab to nanobody design in five phases using
GPT-40 (gpt-40-2024-08-06) as the underlying LLM powering the
agents.

Team selection. First, the Virtual Lab used anindividual meeting with
the Plagent (run five times in parallel followed by a merge meeting)
to create a set of scientist agents for the project. The meeting agenda
contained abackground promptabout antibody/nanobody design for
the spike protein of the recent KP.3 SARS-CoV-2 variant and arequest
forthe Plagentto select ateam of three scientist agents for the project
using the same agent structure (Title, Expertise, Goal, Role) as the PI's
own definition. The Pl decided to create an Immunologist, aMachine
Learning Specialist and a Computational Biologist.

Project specification. Next, in ateam meeting, the full team of agents
(PI, Immunologist, Machine Learning Specialist, Computational Biolo-
gist and Scientific Critic) discussed some of the specifics of the project
beyond the general background prompt. This meeting’s agenda asked
the agents to consider design choices such as whether to pursue anti-
bodies or nanobodies and whether to modify existing antibodies or
nanobodies or design new ones de novo. This team meeting was run
infive paralleliterations followed by anindividual merge meeting with
the Plagent and the Scientific Critic to produce the best answer. Below
are some of the PI's final merged answers to the agenda questions.

1. Willyou design standard antibodies or nanobodies?

Agent answer: Nanobodies



Agent justification: Nanobodies offer superior stability, tissue
penetration, and ease of production, making themideal for targeting
conserved and cryptic epitopes onthe SARS-CoV-2 spike protein. This
choice is consistently supported across all summaries, emphasizing
their advantagesin accessing unique epitopes and potential for broad-
spectrum activity.

2. Will you design antibodies/nanobodies de novo or will you modify
existing antibodies/nanobodies (choose only one)?

Agent answer: Modify existing nanobodies

Agentjustification: Modifying existing nanobodies allows us to lev-
erage established data, providing a quicker and more reliable path to
developing broad-spectrum candidates. This approach is supported
by the availability of structural data and known efficacy, which can
accelerate the optimization process. This decision is consistently
recommended across all summaries, highlighting the efficiency and
feasibility of building on known frameworks.

3. If modifying existing antibodies/nanobodies, which precise anti-

bodies/nanobodies will you modify (please list 3-4)?

Agent answer: Tyl, H11-D4, Nb21, VHH-72

Agent justification: These candidates have demonstrated strong
neutralizing capabilities against SARS-CoV-2 and have available struc-
tural data, making them excellent candidates for modification. Tyl
and H11-D4, for example, have shown efficacy in neutralizing multiple
variants, while Nb21 and VHH-72 offer unique binding properties that
can be optimized for broader cross-reactivity. Literature supports
their efficacy, with studies indicating their ability to bind conserved
epitopes and maintain stability under various conditions.

Given these decisions, the following phases proceeded with nano-
body design by modifying the four nanobodies suggested by the Virtual
Lab (Tyl, H11-D4, Nb21and VHH-72), which are specific to the ancestral
Wubhan spike protein, to increase their affinity to the spike protein of
the KP.3 variant of SARS-CoV-2. Furthermore, the Virtual Lab suggested
prioritizing “enhancinginteractions with the RBD of the spike protein
by altering residues that contribute to binding affinity”, so the Virtual
Lab subsequently focused on developing nanobodies that bind to the
RBD of the KP.3 spike protein.

Tools selection. After specifying the project direction, the Virtual Lab
next needed to pick a set of computational tools to modify the selected
nanobodies. To accomplish this, the Virtual Lab ran a team meeting
asking the agents to list several machine learning and/or computa-
tional tools that could be used for nanobody design, with emphasis
on pre-trained models for simplicity. Similar to the project selection
meeting, this team meeting was run with five paralleliterations followed
by amerge meeting with the Pland Scientific Critic. The agents decided
to use ESM, AlphaFold-Multimer and Rosetta as the components of its
computational nanobody design workflow.

Tools implementation. With the project well-specified and a set of
computational nanobody tools chosen, the Virtual Lab then worked
onimplementing these tools for nanobody design. For each tool, the
Virtual Lab selected the most appropriate scientist agent via an indi-
vidual meeting with the PI. Then for each tool, the Virtual Lab ran an
individual meeting with the selected scientist agent and the Scientific
Critic (five parallel meetings followed by a merge meeting run by the
scientist agent) toimplement the tool. These meetingsincluded a set
ofagendarules that specify how code should be written—for example,
with good documentation and without leaving functions undefined.
These initial implementations contained small errors that needed
correction, so the Virtual Lab then ran a single follow-up individual
meeting (no parallelization or Scientific Critic) with the scientist agent
to automatically fix all the errors that arose.

ESMusage. The Machine Learning Specialist agent was responsible for
writing aPythonscript toidentify the most promising point mutations

toananobody sequence based onthe ESM LLR of the mutant sequence
compared to the input sequence. The agent wrote a 130-line Python
script withthree functions: amain function to runthescript, afunction
to parse command-line arguments (for example, the input nanobody
sequence), and a function that uses a pre-trained ESM model to com-
pute LLRs for point mutations.
AlphaFold-Multimer usage. To use AlphaFold-Multimer, the Virtual
Lab asked the Computational Biologist agent to write a Python script
that processes a predicted nanobody-spike complex structure from
AlphaFold-Multimer and outputs the ipLDDT, which is a measure of
the confidence of the binding interface between the nanobody and
the spike protein that has previously been shown to correlate with
antibody-antigen binding affinity**. Computing the ipLDDT values
across multiple proposed nanobodies requires reading a PDB file for
each predicted nanobody-spike complex and writing as outputasin-
gle CSVfile with the ipLDDT from every complex. The Computational
Biologist wrote a 144-line Python script with five functions: a main
functiontorunthe wholescript, afunctionto check whether aPDB file
contains aprotein structureinthe correct format, afunction toidentify
the residues in the interface between the two proteins, a function to
calculate the ipLDDT, and a function to run the ipLDDT calculation on
every PDB filein adirectory and save the results to a single CSV file.
Rosetta usage. The Computational Biologist was also responsible for
using Rosettato calculate nanobody-spike binding energies as ametric
for measuring the quality of each mutated nanobody. Given a PDB file
with a predicted nanobody-spike structure from AlphaFold-Multimer,
the Computational Biologist was asked to write a RosettaScripts XML
filetoload the PDBfile, calculate the binding energy, and save the bind-
ing energy to aRosettascore file. Additionally, the agent was asked to
writeaPythonscriptthatloadsallthe scorefilesinadirectory and saves
aCSVfilewiththebinding energy of every nanobody-spike complex.
The Computational Biologist wrote a 30-line RosettaScripts XML file
thatfirst relaxes the nanobody-spike structure and then computes the
binding energy (dG-separated in Rosetta terminology) of the interface
using the REF15 scoring function. The Computational Biologist then
wrote a 71-line Python script with two functions: a main function to
runthewhole scriptand afunctionto extract the binding energy score
fromagiven Rosetta score file.

Workflow design. Finally, the Virtual Lab rananindividual meeting with
the Pl agent to design a workflow that uses ESM, AlphaFold-Multimer
and Rosetta to design nanobodies. For each of the four starting nano-
body candidates, the Pl agent decided to run ESM to evaluate all pos-
sible point mutations and then to select the top 20 mutations by ESM
LLR. Each of these 20 mutant sequences would then be evaluated by
both AlphaFold-Multimer and Rosetta. These 20 sequences would
thenberanked and the top five would be selected using the following
weighted score designed by the Plagent:

WS=0.2x (ESMLLR) + 0.5 x (AF ipLDDT) - 0.3 x (RS dG)

where WS is the weighted score, ESM LLR is the ESM LLR between
the mutated sequence and the input sequence, AF ipLDDT is the
AlphaFold-Multimer ipLDDT binding interface confidence, and RS
dGistheRosetta dG-separated binding energy value. The Pl correctly
uses a negative weight for the Rosetta value because a more negative
bindingenergy is better. The top five sequences according to WS then
serve as the starting sequences for the next round of mutation, with
four rounds of mutation in total depending on time constraints and
improvements in the WS across rounds.

Nanobody design workflow

The Virtual Lab ran the nanobody design computational workflow
to design improved nanobody candidates for the KP.3 variant of
SARS-CoV-2. The workflow was runindependently for each of the four
nanobodies suggested by the agents: Tyl, H11-D4, Nb21 and VHH-72.
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Below, we describe the workflow in terms of a single starting nanobody
for simplicity.

The Virtual Lab workflow began with round 0, which evaluated the
wild-type nanobody sequence without introducing any mutations. ESM
LLR was assigned to zero because the wild-type nanobody sequence
was unmodified. Then, the Virtual Lab ran AlphaFold-Multimer (via
LocalColabFold® version 1.5.5) on the nanobody sequence and the
sequence of the RBD of the KP.3 spike protein to produce a predicted
structure of the complex. Next, the Virtual Lab computed the AF ipLDDT
as ameasure of confidence in the binding interface of the complex.
Then, the Virtual Lab ran Rosetta (version 3.14) to relax the complex
and compute the RS dG value as an estimate of the binding energy.
Finally, the Virtual Lab computed the WS of the wild-type nanobody.

Inround], the Virtual Labran ESM to calculate the ESM LLR of every
possible single point mutation to the wild-type nanobody. The top 20
mutated sequences by ESM LLR were retained. For each of these 20
mutated sequences, AlphaFold-Multimer and Rosetta were appliedin
the same way as for the wild-type sequence. The Virtual Lab then com-
puted the WS for each of the 20 mutated sequences and selected the top
5sequences for the next round. In rounds 2-4, the Virtual Lab applied
the same procedure but now starting with 5 input sequences to the
ESM LLR script, resulting in100 top mutated sequences (20 proposed
mutant sequences for each of the Sinput sequences). These sequences
were analysed by AlphaFold-Multimer and Rosetta, and the top 5 of
these100 sequences were selected at the end of each round by their WS.

After running all four rounds of mutation, the Virtual Lab needed to
select the best mutated nanobody sequences across all four rounds for
experimental validation. Doing so required using a slight variant of the
WS.Ineachround, the WSused the ESMLLR calculated as aratiobetween
the proposed mutant sequence and the input sequence for that round
(that is, an output sequence from the previous round), which differ by
asingle mutation. However, in order to fairly select the best sequences
acrossdifferentrounds with different numbers of mutations, an alternate
ESMLLR, the ESMLLR"", was computed between each proposed mutant
sequence (with one to four mutations) and the wild-type sequence. The
Virtual Lab then scored allmutant nanobody sequences using the WS*7,
whichis the weighted score calculated using the ESMLLR" in place of the
ESMLLR. Thetop 23 mutant sequences were selected for experimental
validation along with the wild-type sequence as a point of reference.

Nanobody experimental validation

Codon-optimized DNA sequences for the SARS-CoV-2 spike RBDs from
JN.1,KP.3,KP.2.3and BA.2"*¥, modified to include aN-terminal signal pep-
tide (MFVFLVLLPLVSSQ), a C-terminal Gly-Ser linker and 6x Histagand a
stop codon, were synthesized and cloned into pTwist-CMV-BetaGlobin
(Twist Biosciences). For the MERS-CoV RBD, the codon-optimized DNA
sequence for the RBD was modified toinclude an N-terminal signal pep-
tide (MYRMQLLSCIALSLALVTNS), C-terminal Gly-Ser linker, 8x His tag,
AviTag sequences and a stop codon. RBDs were transiently expressed
in Expi293 cells (Thermo Fisher Scientific, not authenticated or tested
for mycoplasma contamination), and purified in parallel*® by Ni-NTA
Excel affinity chromatography followed by desalting into PBS and
concentration. The purification of Wuhan SARS-CoV-2 RBD has been
described previously®®. Codon-optimized DNA sequences for nanobod-
ies, modified to include an N-terminal pelB signal peptide (MKYLLP
TAAAGLLLLAAQPAMA), a C-terminal 6x His tag and astop codon, were
synthesized and cloned into pET-29b(+) (Twist Biosciences). Nanobodies
were expressed in 96-well and 24-well format in auto-induction media®,
and periplasmic fractions from 4 mlof cell culture pellets were released
by mild lysis in 400 pl PBS, following methods as described®®. Titres of
soluble nanobody were estimated from periplasmic fractions by SDS—
PAGE densitometry analysis of nanobody bands using a BSA standard
curve. Selected nanobodies were scaled up at 100 ml in shake flasks
and purified from periplasmic fractions by Ni-NTA chromatography
followed by desalting into PBS and concentration.

Multiplexed ELISA measurements were performed as generally
described®. Array patterns were printed using a sciFLEXARRAYER
S12. Each RBD and BSA (negative control) spot was printed in dupli-
cate, using up to three 200-250 pl drops for each spot, at a source
concentration of 50 pg ml™. Unpurified lysates or purified nanobod-
ies were diluted in PBS-T (5% skim milk in PBS + 0.05% Tween-20), and
RBD-bound nanobodies were recognized by anti-Alpaca IgG VHH
secondary antibodies (Jackson ImmunoResearch, 128-065-230 (for
H11-D4, Nb21, and VHH-72 series) and 128-065-232 (for Tyl series)) at
1:10,000 dilution in PBS-T.

Reporting summary
Furtherinformation onresearch designisavailablein the Nature Port-
folio Reporting Summary linked to this article.

Data availability

The computational results of the nanobody design pipeline and the
experimental ELISA binding data are available on Zenodo at https://
doi.org/10.5281/zen0do.15331308 (ref. 62).

Code availability

Code for the Virtual Lab, full discussions by the agents and computa-
tional scores for the designed nanobodies are available on GitHub at
https://github.com/zou-group/virtual_lab and on Zenodo at https://
doi.org/10.5281/zen0d0.15320491 (ref. 63).
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Extended DataFig. 2| Tyl nanobody analysis. a-c, Evolution of mutant
nanobody scores across four rounds of optimization. a, The distribution of
ESMLLR values for proposed Tyl mutant nanobodies across each round of
optimization, with ESM LLR values computed relative to the input nanobody
sequence from the previous round. Shown are the ESM LLR values of the top 20
proposed mutant nanobodies perinputnanobody. b, The AFipLDDT and the
RS dG of the top five proposed nanobodies, selected by WS, at the end of each
round of optimization. ¢, The distribution of WS values of the top five proposed
nanobodies at the end of each round of optimization. d-f, Analysis of the final

AlphaFold-Multimer interface pLDDT (AF ipLDDT)

setof 23 mutant nanobodies selected across all rounds of optimization.d, The
distribution of ESMLLR" values (ESM LLR of the mutant sequence compared
to the wild-type sequence) for the selected nanobodies and the wild-type
nanobody.e, The AFipLDDT and RS dG values of the selected nanobodies and
the wild-type nanobody. f, The structure (predicted by AlphaFold-Multimer
followed by Rosetta relaxation) of the receptor binding domain of the KP.3
spike protein (cyan) and the nanobody mutant Tyl V32F-G59D-N54S-F32S
(green).Side chains are shown for interface residues (within 4A of the opposite
chain). Mutant nanobodyresidues are in pink. (PyMol 3.1.3, Schrodinger, LLC.).
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Extended DataFig.3|H11-D4 nanobody analysis. a-c, Evolution of mutant
nanobody scores across four rounds of optimization. a, The distribution of
ESMLLR values for proposed H11-D4 mutant nanobodies across each round of
optimization, with ESM LLR values computed relative to the input nanobody
sequence from the previous round. Shown are the ESM LLR values of the top 20
proposed mutant nanobodies perinputnanobody. b, The AFipLDDT and the
RS dG of the top five proposed nanobodies, selected by WS, at the end of each
round of optimization. ¢, The distribution of WS values of the top five proposed
nanobodies at the end of each round of optimization. d-f, Analysis of the final

AlphaFold-Multimer interface pLDDT (AF ipLDDT)

setof 23 mutant nanobodies selected across all rounds of optimization.d, The
distribution of ESMLLR" values (ESM LLR of the mutant sequence compared
tothe wild-type sequence) for the selected nanobodies and the wild-type
nanobody.e, The AFipLDDT and RSdG values of the selected nanobodies and
the wild-type nanobody. f, The structure (predicted by AlphaFold-Multimer
followed by Rosetta relaxation) of the receptor binding domain of the KP.3
spike protein (cyan) and the nanobody mutant H11-D4 A14P-Y88V-K74T-R27L
(green). Side chains are shown for interface residues (within 4A of the opposite
chain). Mutant nanobody residues are in pink. (PyMol 3.1.3, Schrodinger, LLC.).
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Extended DataFig.4 | VHH-72nanobody analysis. a-c, Evolution of mutant
nanobody scores across four rounds of optimization. a, The distribution of
ESM LLR values for proposed VHH-72 mutant nanobodies across each round of
optimization, with ESM LLR values computed relative to the input nanobody
sequence from the previous round. Shown are the ESM LLR values of the top 20
proposed mutant nanobodies perinput nanobody. b, The AFipLDDT and the
RS dG of the top five proposed nanobodies, selected by WS, at the end of each
round of optimization. ¢, The distribution of WS values of the top five proposed
nanobodies at the end of each round of optimization. d-f, Analysis of the final

AlphaFold-Multimer interface pLDDT (AF ipLDDT)

set of 23 mutant nanobodies selected across all rounds of optimization.d, The
distribution of ESMLLR""values (ESM LLR of the mutant sequence compared
tothe wild-type sequence) for the selected nanobodies and the wild-type
nanobody.e, The AFipLDDT and RS dG values of the selected nanobodies and
the wild-type nanobody.f, The structure (predicted by AlphaFold-Multimer
followed by Rosettarelaxation) of the receptor binding domain of the KP.3
spike protein (cyan) and the nanobody mutant VHH-72 R27Y-E31D-F37V-D89E
(green).Side chains are shown forinterface residues (within 4A of the opposite
chain). Mutant nanobody residues are in pink. (PyMol 3.1.3, Schrédinger, LLC.).



Nanobody plasmids N Spike RBD Y

(Virtual Lab Designed) plasmids
Transform Transfect
E.coli Expi293

Starter culture Purify

A(\(\r\r\f_\@

Express §LLLLLL
(auto-induction) 9

Periplasmic
release
Measure binding (ELISA)
Wuhan JN.1 KP.3

2

2 I

2 |_f_ _—

Concentration

Extended DataFig. 5| Workflow for nanobody experimental validation.
Thefour categories of experiments (nanobody expression, SARS-CoV-2 spike
RBD expression, antigen array printing, and multiplexed ELISA) are enclosed in
boxes. Theribbons representation of ananobody (blue) and the RBD (purple)
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designs unhighlighted. The expected molecular weight for the nanobodies
(-15kDa)isenclosedinared box. Uncropped images of samples analyzed once
by SDS-PAGE are shown.
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Extended DataFig. 7| Virtual Lab additional discussion analysis. a, The of words written by the Virtual Labin Rosettaimplementation.d, The number
number of words (space-separated tokens) written by the Virtual Lab (human of words written by the Virtual Labin the teamselection phase.e, The number
researcherand each LLM agent) in the tools selection phase. b, The number of of words written by the Virtual Lab inimplementation agent selection.

words written by the Virtual Lab in AlphaFold implementation. ¢, The number
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Extended Data Table 1| Nanobody score analysis

Name ESMLLR"" AFipLDDT RSdG WS"'
Ty1 0.00 71.83 -41.51 48.36
Ty1 V32F-G59D-N54S-F32S8 3.51 86.06 -28.69 52.34
H11-D4 0.00 68.18 -38.93 45.77
H11-D4 A14P-Y88V-K74T-R27L 10.67 84.02 -35.04 54.66
Nb21 0.00 72.11 -43.32  49.05
Nb21 177V-L59E-Q87A-R37Q 7.47 80.41 -51.56 57.17
VHH-72 0.00 66.46 -20.90 39.50
VHH-72 R27Y-E31D-F37V-D89E  8.82 69.51 -53.76  52.65

The scores of each wild-type nanobody and examples of the mutant nanobodies that were
selected for experimental validation. ESM LLR"": ESM log-likelihood ratio between the mutant
nanobody sequence and the wild-type sequence. AF ipLDDT: AlphaFold-Multimer interface
pLDDT for the nanobody-spike complex. RS dG: Rosetta dG-separated binding energy value.
WSYT: Weighted score combining ESM LLR"", AF ipLDDT, and RS dG.
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Statistics

For all statistical analyses, confirm that the following items are present in the figure legend, table legend, main text, or Methods section.
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The exact sample size (n) for each experimental group/condition, given as a discrete number and unit of measurement

|:| A statement on whether measurements were taken from distinct samples or whether the same sample was measured repeatedly

< The statistical test(s) used AND whether they are one- or two-sided
N Only common tests should be described solely by name; describe more complex techniques in the Methods section.

[ ] Adescription of all covariates tested
|:| A description of any assumptions or corrections, such as tests of normality and adjustment for multiple comparisons

< A full description of the statistical parameters including central tendency (e.g. means) or other basic estimates (e.g. regression coefficient)
2~ AND variation (e.g. standard deviation) or associated estimates of uncertainty (e.g. confidence intervals)

For null hypothesis testing, the test statistic (e.g. F, t, r) with confidence intervals, effect sizes, degrees of freedom and P value noted
N Give P values as exact values whenever suitable.

|:| For Bayesian analysis, information on the choice of priors and Markov chain Monte Carlo settings

|:| For hierarchical and complex designs, identification of the appropriate level for tests and full reporting of outcomes
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|:| Estimates of effect sizes (e.g. Cohen's d, Pearson's r), indicating how they were calculated

Our web collection on statistics for biologists contains articles on many of the points above.

Software and code

Policy information about availability of computer code

Data collection  Data was collected using the Python package we created called virtual-lab version 1.1.0, available on GitHub at https://github.com/zou-group/
virtual-lab and on Zenodo at https://doi.org/10.5281/zenodo0.15320491. The virtual-lab packaged used ESM2, AlphaFold-Multimer via
LocalColabFold 1.5.5, and Rosetta 3.14.

Data analysis Data was analyzed using the Python package we created called virtual-lab version 1.1.0, available on GitHub at https://github.com/zou-group/
virtual-lab and on Zenodo at https://doi.org/10.5281/zen0d0.15320491. The virtual-lab packaged used ESM2, AlphaFold-Multimer via
LocalColabFold 1.5.5, and Rosetta 3.14.

For manuscripts utilizing custom algorithms or software that are central to the research but not yet described in published literature, software must be made available to editors and
reviewers. We strongly encourage code deposition in a community repository (e.g. GitHub). See the Nature Portfolio guidelines for submitting code & software for further information.
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Data

Policy information about availability of data
All manuscripts must include a data availability statement. This statement should provide the following information, where applicable:

- Accession codes, unique identifiers, or web links for publicly available datasets
- A description of any restrictions on data availability

- For clinical datasets or third party data, please ensure that the statement adheres to our policy

Text data generated in the study is available at on GitHub at https://github.com/zou-group/virtual-lab and on Zenodo at https://doi.org/10.5281/zenodo.15320491.
The computational results of the nanobody design pipeline as well as the experimental ELISA binding data are available on Zenodo at https://doi.org/10.5281/
zenodo.15331308.

Research involving human participants, their data, or biological material

Policy information about studies with human participants or human data. See also policy information about sex, gender (identity/presentation),
and sexual orientation and race, ethnicity and racism.

Reporting on sex and gender Our study does not involve human participants or their data, so this is not applicable.

Reporting on race, ethnicity, or  Our study does not involve human participants or their data, so this is not applicable.
other socially relevant

groupings

Population characteristics Our study does not involve human participants or their data, so this is not applicable.
Recruitment Our study does not involve human participants or their data, so this is not applicable.
Ethics oversight Our study does not involve human participants or their data, so this is not applicable.

Note that full information on the approval of the study protocol must also be provided in the manuscript.
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Life sciences study design

All studies must disclose on these points even when the disclosure is negative.

Sample size We tested four wildtype nanobodies and 92 nanobody mutants with an equal number of nanobody mutants (23) for each of the four wildtype
nanobodies (96 nanobodies total). Each nanobody was tested using an ELISA binding assay in duplicate. We selected 96 nanobodies in order
to fit on a 96-well plate. Since we are not performing statistical comparisons, this sample size was determined to be sufficient to have a high
chance of identifying at least one mutant nanobody that was effective against a recent variant of SARS-CoV-2.

Data exclusions | No data was excluded from the analyses.
Replication ELISA binding assays were run in duplicates and the mean value was reported.
Randomization  Randomization is not applicable to this study because every nanobody was tested in the same manner.

Blinding Blinding is not applicable to this study since every nanobody was tested in the same manner.

Reporting for specific materials, systems and methods

We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material,
system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response.
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Materials & experimental systems Methods

Involved in the study n/a | Involved in the study
Antibodies |:| ChiIP-seq

Eukaryotic cell lines |:| Flow cytometry

|:| Palaeontology and archaeology |:| MRI-based neuroimaging

|:| Animals and other organisms
|:| Clinical data

|:| Dual use research of concern

|:| Plants

XX XXX S

Antibodies

Antibodies used Codon optimized DNA sequences for the nanobodies designed in this study were modified to include a N-terminal pelB signal peptide
(MKYLLPTAAAGLLLLAAQPAMA), a C-terminal 6x his tag, and a stop codon, and they were synthesized and cloned into pET-29b(+)
(Twist Biosciences). anti-Alpaca IgG VHH secondary antibodies (Jackson ImmunoResearch, 128-065-230 (for H11-D4, Nb21, and
822 VHH-72 series) and 128-065-232 (for Ty1 series)) were used for ELISA at 1:10000 dilution in PBS-T.

>
Q
S
(=
S
M
1®)
O
=
s)
=
_
(D
©
O
=
5
(@)
wn
(e
3
3
Q
o
s

Validation Nanobodies were expressed in 96-well and 24-well format in auto-induction media, and periplasmic fractions from 4 mL of cell
culture pellet were released by mild lysis in 400 ulL PBS, following methods as described in Pardon, E. et al. A general protocol for the
generation of Nanobodies for structural biology. Nat. Protoc. 9, 674—-693 (2014). Periplasmic extracts containing soluble nanobody
were separated by reducing SDS-PAGE.

Eukaryotic cell lines

Policy information about cell lines and Sex and Gender in Research

Cell line source(s) Expi293 cells (Thermo Fisher Scientific)
Authentication Not authenticated
Mycoplasma contamination Not tested

Commonly misidentified lines | Name any commonly misidentified cell lines used in the study and provide a rationale for their use.
(See ICLAC register)

Plants

Seed stocks Report on the source of all seed stocks or other plant material used. If applicable, state the seed stock centre and catalogue number. If
plant specimens were collected from the field, describe the collection location, date and sampling procedures.

Novel plant genotypes Describe the methods by which all novel plant genotypes were produced. This includes those generated by transgenic approaches,
gene editing, chemical/radiation-based mutagenesis and hybridization. For transgenic lines, describe the transformation method, the
number of independent lines analyzed and the generation upon which experiments were performed. For gene-edited lines, describe
the editor used, the endogenous sequence targeted for editing, the targeting guide RNA sequence (if applicable) and how the editor
was applied.

Authentication Describe-any-atithentication-procedures for-each-seed-stock-tised-ornovel-genotype-generated—Describe-any-experiments-used-to
assess the effect of a mutation and, where applicable, how potential secondary effects (e.g. second site T-DNA insertions, mosiacism,
off-target gene editing) were examined.
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