
Latent-Y: A Lab-Validated Autonomous Agent for De Novo
Drug Design

Latent Labs Team
London, UK & San Francisco, USA
23 March 2026

118 unique QA-passing candidates, 

top 88 selected for wet-lab.

iPTM 0.86 DockQ 0.86 PASS

EV���AGIPGDFTGVEVGQMSTDDFPY���

iPTM 0.85 DockQ 0.87 PASS

EV���AATVLDPSIPLSSLTSSDFPY���

iPTM 0.86 DockQ 0.84 PASS

EV���AGTPGDLGTPSSGLTSDDFPY���

iPTM 0.84 DockQ 0.89 PASS

EV���AMSYLSPELPLSELTTDDFPY���

12.5nM KD 16.4nM KD

21.3nM KD 28.0nM KD

Design 88 binders that bind to 

human IL-6 and block its 

interaction with IL-6R.

Latent-Y

Now scanning IL-6 for appropriate 

epitopes for competitive binding.

Starting from a text prompt Latent-Y autonomously designs lab-ready antibodies and peptides.

Abstract

Drug discovery relies on iterative expert workflows that are slow to parallelize and difficult to scale. Here we introduce Latent-
Y, an AI agent that autonomously executes complete antibody design campaigns from text prompts, covering literature review,
target analysis, epitope identification, candidate design, computational validation, and selection of lab-ready sequences. Latent-Y
is integrated into the Latent Labs Platform, where it operates in the same environment as drug-discovery experts with access
to bioinformatics tools, biological databases, and scientific literature. The agent can run fully autonomously end-to-end, or
collaboratively, where researchers review progress, provide feedback, and direct subsequent steps. Candidate antibodies are
generated using Latent-X2, our frontier generative model for drug-like antibody design. We demonstrate the agent’s capability
across three distinct campaign types: epitope discovery guided by therapeutic specifications, cross-species binder design, and
autonomous design from a scientific publication targeting human transferrin receptor for blood–brain barrier crossing. Across
nine targets, Latent-Y produced lab-confirmed nanobody binders against six, achieving a 67 % target-level success rate with
binding affinities reaching the single-digit nanomolar range, without human filtering or intervention. In user studies, experts
working with Latent-Y completed design campaigns 56 times faster than independent expert time estimates, compressing weeks
of work into hours. Because Latent-X2 is a general-purpose atomic-level model for biologics design, the same agent architecture
naturally extends to macrocyclic peptide and mini-binder design campaigns, broadening autonomous discovery across therapeutic
modalities. Latent-Y is available to selected partners at platform.latentlabs.com.

https://platform.latentlabs.com
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1. Introduction

Frontier AI models such as Latent-X2 [1] and other molecular design models [2, 3] have recently demonstrated
the feasibility of zero-shot biologics design, directly producing antibody and peptide candidates that have drug-like
properties and advancing prior work in protein structure prediction [4, 5] and generative protein design [6–14].

In a world in which we can now design lab-ready molecules on the computer, the rate-limiting step for early drug
discovery is no longer finding a candidate molecule for a drug program. The rate-limiting step instead becomes the
bandwidth of drug-discovery organizations and access to the PhD-level domain expertise required to do so at scale.

To address this bottleneck, we developed Latent-Y, an agentic system for de novo drug design, capable of designing
antibodies, peptides, and mini-binders from text descriptions of drug design goals. Latent-Y directly addresses the
exploration and scale bottleneck by delivering autonomous drug design research that can be executed in parallel. We
demonstrate, for the first time, that an autonomous agent can design lab-confirmed de novo antibody binders purely
from text descriptions of goals and requirements, without requiring manual intervention in the design process.
Latent-Y-designed nanobodies display strong binding affinities reaching single-digit nanomolar ranges, with highly
competitive target-level success rates, hitting 6 of 9 targets attempted in the lab.

Where Latent-X2 reasons at the atomic level to design precise molecular interactions, Latent-Y operates in the same
environment as human experts, applying expert-level reasoning to navigate from research objective to lab-ready
candidates. It queries molecular and literature databases, orchestrates Latent-X2 to generate and score candidates,
and employs bioinformatics tools to analyse the sequence and structure of targets, epitopes, and designed molecules.
It intelligently explores a large combinatorial design space. It tests different hypotheses, analyses results, and
integrates insights across parallel runs, plans appropriate next steps, and works towards user-provided goals, such
as achieving an intended functional mechanism or producing the requested number of lab-ready designs.

In this work, Latent-Y is run both fully autonomously and collaboratively. The majority of campaigns were
executed end to end without human intervention, while the cross-species campaign demonstrates tight human-
agent collaboration, with the researcher steering strategy and the agent adapting in real time. Both modes are
supported across the full spectrum of expert involvement. We show that Latent-Y significantly accelerates the work
of protein design experts, reducing the time required for expert research and computational workflows from weeks
to hours. This acceleration compounds when running Latent-Y instances at scale and in parallel, for example to find
development candidates across multiple pre-clinical drug programs simultaneously.

Our main contributions are:

1. The first autonomous agent for de novo biologics design, delivering lab-ready sequences from text input.
2. Lab-validated de novo nanobody design from text, with a 67 % target-level success rate across 9 targets.
3. Latent-Y-designed de novo nanobodies with single-digit nanomolar binding affinities, confirmed in the lab.
4. A 56-fold acceleration of expert-led design campaigns with Latent-Y versus without, measured against

independent expert time estimates.
5. Lab-validated cross-species binder design via Latent-Y-generated custom generative code.

Availability. Latent-Y is integrated and available on the Latent Labs Platform at platform.latentlabs.com.

https://platform.latentlabs.com
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Latent-Y

What do you want to design?

a

b

c d

KD = 5.4 nMLY_VHH_PRL_77KD = 12.5 nMLY_VHH_IL6_67 KD = 517 nMLY_VHH_IL6R_32

Design VHH binders for 
IL-6 that inhibit IL-6R.

Disrupt PRL’s receptor 
interaction with VHH binders.

Design VHH binders that 
neutralize IL-6R activity.

Fig. 1 | Latent-Y autonomously designs nanomolar-affinity antibodies from text prompts, accelerating expert
workflows by over 50-fold. (a) Three independent VHH design campaigns, each initiated from a single natural-
language prompt targeting IL-6, PRL, and IL-6R respectively. Designed structures of the top binder–target complex
are shown alongside binding interface detail, with insets highlighting designed non-covalent interactions at the
binding interface (pink dashed lines). All designs were experimentally characterized by surface plasmon resonance
(SPR). (b) Per-target experimental hit rates across all successful targets. cTNFL9, cynomolgus TNFL9; hTNFL9,
human TNFL9; xrTNFL9, cross-reactive TNFL9. (c) Estimated time required to complete a full computational
protein design campaign, comparing expert alone versus expert assisted by Latent-Y. Expert baseline times were
obtained by polling independent protein designers across academia and industry (𝑛 = 10); Latent-Y-assisted times
reflect the average across agent-assisted runs (𝑛 = 5). Error bars indicate minimum and maximum values. (d)
Time breakdown by major design stage, including literature review and Protein Data Bank (PDB) search, structural
analysis and epitope selection, computational binder generation, and quality assurance and final selection. Error
bars indicate minimum and maximum values.
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2. Results

We evaluate Latent-Y across three antibody design settings: epitope discovery campaigns targeting IL-6 [15], IL-
6R [16], PRL [17], IL-33 [18], TNF𝛼 [19], and SC2RBD [20], with the goal of therapeutic inhibition; cross-species
reactivity campaigns against TNFL9 [21]; and literature-inferred design campaigns targeting hTfR1 [22]. Across
these campaigns, Latent-Y achieves a target-level success rate of 67 %, with per-target hit rates ranging from 1 %
to 28 % of tested sequences, and binding affinities reaching the single-digit nanomolar range.

2.1. Latent-Y is a wet-lab-validated agent for drug design at scale

Latent-Y is natively integrated into the Latent Labs Platform and can be accessed entirely through a browser, steered
by natural language. A researcher can provide a therapeutic objective as free text, a structured work plan specifying
targets and constraints, or a scientific publication from which the agent autonomously extracts target identities,
biological context, and design constraints, as shown in Fig. 1a.

Drug design problems are inherently underspecified at the outset: the right epitope, the appropriate structural con-
text, and the relevant constraints often only become clear during the research process itself. Latent-Y is designed
to reduce this ambiguity. Upon receiving a design objective, it consults scientific literature and databases to build
biological context, identifies appropriate target structures, and characterizes candidate epitopes against functional
criteria. Unlike fixed generative pipelines, it accepts and reasons about arbitrary research constraints such as modal-
ity, intended function, species requirements, structural considerations, and computational metrics and predictions,
translating high-level goals into concrete design decisions. It spawns targeted computational experiments using
Latent-X2, reasons about results, and doubles down on the most productive directions, adjusting generation parame-
ters, modifying epitope constraints, or re-routing to alternative modalities as needed. Where standard capabilities are
insufficient, the agent can generate custom computational approaches from natural language descriptions, extending
its own toolkit to address novel design challenges, as described in Sec. 2.3. Outputs annotated with the agent’s rea-
soning are produced at each stage for researcher inspection and, where needed, manual override. Before finalizing
candidates, the agent performs quality assurance on the designs, including clustering for diversity, sequence simi-
larity searches against external databases, and sequence liability analyses, selecting a final set of lab-ready designs
that satisfy the user-defined objectives. Representative condensed reasoning traces illustrating fully autonomous
and collaborative human–agent workflows are shown in Fig. 3 and Fig. 5 respectively.

At the level of an individual campaign, Latent-Y compresses the full computational antibody design workflow
approximately 56-fold, on average reducing two weeks of expert effort to five hours, as shown in Fig. 1c. When
a researcher runs multiple campaigns in parallel, these gains compound further still, multiplying the effective
throughput of a single researcher beyond what any individual could achieve sequentially. The largest accelerations
arise in the reasoning-intensive stages: literature review and PDB analysis (∼4,300×) and structural analysis and
epitope selection (∼350×), as detailed in Fig. 1d. Baseline expert times were estimated by polling independent,
PhD-level protein designers across academia and industry, with a median of 9.8 years of relevant experience, as
described in Sec. D. These gains compound further at scale, with a single researcher able to complete in under a
day computational work that would previously have taken several months, shifting drug design from a sequential
expert workflow to a scalable parallel process limited by scientific ideas rather than time.
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Fig. 2 | Biophysical characterization of the best Latent-Y-designed VHHs against IL-6, IL-6R, and PRL, with
affinities reaching the single-digit nanomolar range. Top-performing de novo VHH binders ranked by binding
affinity, with corresponding designed bound structures and SPR response curves. Binding affinities were measured
using five analyte concentrations with kinetic fitting to determine KD, see Sec. A.3. Reported KD values span the
nanomolar range, with lower KD values corresponding to stronger binding.
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2.2. Latent-Y enables autonomous design of low nM-affinity antibodies

In the epitope discovery setting, we evaluate Latent-Y by running fully autonomous de novo VHH design campaigns
against six therapeutically relevant targets, experimentally validating the resulting sequences in the wet lab, see
Fig. 2 and Tab. S1. All campaigns were specified via natural language prompts framed around inhibiting a
natural protein–protein interaction to modulate downstream function, with prompts specifying only the high-level
therapeutic objective and leaving all design decisions to the agent. Across all targets, Latent-Y selected epitopes
consistent with the intended mechanism of action, indicating that the agent reliably identifies functionally relevant
binding sites from high-level goals alone.

Successful campaigns produced experimentally confirmed VHH binders against three therapeutically relevant
targets: IL-6 [23], an inflammatory cytokine; IL-6R [24], its receptor; and PRL [25], a hormone for which no
antibody-bound structure exists in the PDB. Per-target hit rates ranged from 1 % to 17 %, as determined by
one-point high-throughput surface plasmon resonance (HT-SPR) primary screening, as shown in Fig. 1b and
detailed in Sec. A.2. Latent-Y generated VHH binders with binding affinities reaching the single-digit nanomolar
range, with the highest affinity binders for PRL, IL-6, and IL-6R measuring 5.44 nM, 12.5 nM, and 517 nM,
respectively, validated by five-point SPR, as shown in Fig. 2 and detailed in Sec. A.3. For every target, high-
affinity binders were identified from fewer than one plate of designs. Across targets with multiple confirmed
binders, successful designs spanned a range of Complementarity-Determining Region (CDR) lengths and antibody
frameworks, targeting distinct hotspot residues and reflecting the diversity of solutions explored by the agent. Lab-
validated sequences for the best binder per target are provided in Sec. C. We publish the corresponding designed
structures on https://platform.latentlabs.com, accessible without sign-in.

The IL-6 campaign is illustrated in Fig. 3 as a representative, condensed reasoning trace of a successful campaign.
Starting from a prompt specifying only the desired outcome, Latent-Y retrieved biological context from the literature
and databases, identified an appropriate target structure, performed spatial reasoning over the target surface, selected
candidate epitopes, and generated VHH binders using Latent-X2. Designed binders were iteratively triaged, with
feedback from earlier cycles used to prioritize higher-yield strategies and propagate favourable features across
subsequent cycles. This included prioritization of productive epitopes such as site II on IL-6 [26] and selection of
antibody frameworks associated with high computational success rates. Through a final quality assurance, the agent
determined when sufficient diversity and sequence quality had been achieved to satisfy the design objective. To
our knowledge, this campaign produced the first experimentally validated fully de novo designed antibody binder
against IL-6. While this trace illustrates one representative trajectory, the agent dynamically adapts each campaign
based on intermediate results and user specifications, with every decision captured in the reasoning trace for full
auditability.

2.3. Latent-Y designs cross-species antibodies via autonomous capability extension

To evaluate Latent-Y in a complex translational setting, we task the agent with designing cross-reactive VHH binders
against the human and cynomolgus variants of TNF ligand superfamily member 9 (TNFL9), a co-stimulatory target
under active clinical investigation in immuno-oncology. Cross-species reactivity is a common, but challenging,
requirement in drug development: a candidate molecule must engage both the human target and its preclinical
homologue to support toxicology studies and clinical dose selection.

This task combines several biological and practical challenges routinely encountered in early-stage drug discovery.
The human and cyno orthologues diverge by 11 mutations (∼5 %). No empirical structure is available for the cyno
variant; there are unresolved regions in the available crystal structure for the human variant; and TNFL9 functions
as a trimer with a relatively flat binding surface. Beyond these biological complexities, no pre-built cross-species
design capability is provided to the agent. Instead, Latent-Y is given privileged but bounded access to the Latent
Labs Platform and tasked with developing its own custom generative method guided only by a one-line natural
language description, shown in Fig. 5. A human expert works collaboratively with Latent-Y to provide high-level
biological steering but does not otherwise intervene, demonstrating that the agent can be effectively directed without
coding expertise. The campaign trace, condensed to its key moments for visual brevity, is shown in Fig. 5.

https://platform.latentlabs.com
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I want you to run a design campaign where you identify the optimal epitope 
region(s) on human IL-6 that blocks its interaction with IL-6R, and return 
back 100 passing VHHs targeting those epitope regions. I want you to 
select the 88 best VHH sequences from these to send to the wet-lab.

1) Pick the most suitable. 2) Whatever works. 3) Stick close to native CDR 
lengths. 4) No.

Before I begin, I have a few questions to ensure this campaign is set up optimally:

1. PBD Structure: Do you have a structure to use for the IL-6/IL-6R complex?

2. Framework preference: Do you have a VHH framework preference?

3. CDR loop length: Do you have constraints on CDR loop lengths I should be aware of?

4. Diversity: Do you have success criteria beyond the 100 passing / 88 selected target? 
    (e.g. maximize diversity, etc.)

Ok, let me plan out an approach. The IL-6/IL-6R interaction is well known so I should find 
an appropriate structure on the PDB, then

PDB search returns 7UWL as top hit — but metadata reveals it is an IL-17/IL-25 structure, 
not IL-6. 1N26 is the receptor alone; 1ALU is IL-6 alone. Selecting 1P9M: the hexameric 
IL-6/IL-6Rα/IL-6Rβ(gp130) signalling complex, which contains both receptor interfaces 
needed for  competitive epitope analysis. Based on the metadata, Chain B = IL-6 (target), 
Chain C =  IL-6Rα, Chain A = IL-6Rβ

Identify an appropriate IL-6/IL-6R complex PDB structure 
and study relevant metadata.

Run the hotspot researcher to select 3–5 distinct epitope 
candidates prioritised by competitive blocking potential.

Pilot five VHH frameworks across all epitopes (20 batches, 
500 designs each). 

Triage: Assess pass rates, drop non-productive 
configurations, and scale up the best-performing 
epitope–framework combinations with CDR3 length and 
hotspot variations until we reach 100 passing binders.

Filter for sequence liabilities, deduplicate, and select the top 
88 for synthesis.

PDB search and metadata analysis.

Tool use

8 tool calls.

Interface detection.

Tool use

2 tool calls.

Excellent. Now I have a clear picture of both interfaces on IL-6:
- Site I: (IL-6/IL-6Rα interface): B67-69, B74-75, B175, B179-180, B183
- Site II (IL-6/IL-6Rβ interface): B24, B27-28, B31, B34, B110-111, B113-114, B117-118

Now let me run the hotspot researcher with the relevant context for a comprehensive 
analysis. 

Subagent call:    Hotspot researcher 7.2 min, 45 tool calls.

Structural quality analysis, scanning unresolved regions, scanning glycans, Literature and 
domain annotation cross-checks, UniProt cross-referencing, surface accessibility and 
secondary structure scans.

I’ll systematically analyze IL-6 (chain B) in the structure for epitopes that would 
effectively disrupt IL-6R complex formation when occupied by a VHH, starting with the 
suggested sites.

Unobserved residues at 1-18 and 47-49, Note the N-glycosylation sequon at B144 (NAS 
motif) and also the UniProt annotation of N-linked glycosylation at Asn73 (Uniprot 
numbering for IL-6, P05231; B45). As expected, pocket scanning found no deep pockets 
– IL-6 presents relatively flat epitope surfaces typical of cytokines  – VHH CDR loops can 
still engage these, but I’ll need to carefully examine the interface residues' accessibility, 
distance and chemistries to build specific hotspot candidates. Let me first focus on the 
Site I (IL-6Rα) interface residues.

The C-terminal helix residues (B175-182) of Site I are mostly buried in the bound state; 
B179 (R) and B74 (F) have large delta_asa and can be targeted specifically. Now let me 
check Site II more carefully.

Summary: I identified 5 viable regions that can disrupt IL-6/IL-6R complex formation on 
chain B. In order of preference:

5. Site III — CD loop (hexameric assembly). K131/N132/D134. Highly exposed; moderate 
glycan risk from B144 sequon.

1. Site I core — BC loop turn (IL-6Rα). E69/S76/G77. Tight cluster, highly exposed, no glycan risk. 

2. Site I extension — BC loop–Helix D bridge (IL-6Rα). N79/E80/Q183. Conformational epitope: 
104 residues apart in sequence, ~10 Å in space.           

4. Site II — Helix A (IL-6Rβ). E23/K27. Charge-complementary pair on orthogonal face of 
Site II.                                                                

3. Site II — Helix C (IL-6Rβ). E109/E110/R113. E110 most buried by IL-6Rβ (∆-ASA 0.48) but fully 
exposed on free IL-6.                                          

IL-6 is 163 residues, VHH frameworks are 117–146 — total context ~300 residues, well 
within model limits. No cropping needed. Launching pilots.

Submit 20 pilot batches - 5 epitopes x 4 frameworks, 500 designs each.

Tool use

 Key findings:
  - Site II is the most productive epitope region — both Helix A and Helix C hotspots 
produce hits.
  - 7eow-a is the dominant framework (24/31 passes). 5jds-b is secondary (6/31). Three 
other frameworks: zero.
  - Sites I, III: zero passes — flat helical surface with challenging topology. I need ~69 
more, user did not specify an epitope preference, so dropping dead configurations, 
extending top performers, and exploring hotspot and CDR3 length variations within the 
productive epitopes.

3 batch exentsions + 14 new batches with CDR3 +/-2 and alternative hotspot residue subsets.

Tool use

From 36 batches (~18,500 designs) we find 118 unique candidates across 26 sequence 
clusters. This is enough to satisfy the user's request. No unpaired cysteines, no 
N-glycosylation in CDRs, no further sequence liabilities. All novel (≥10 edit distance from 
SAbDab). Top 88 selected, spanning both Site II sub-regions, two framework scaffolds, 
and CDR3 length variation.

Shifting hotspot E23→R24 on Helix A dramatically improved the pass rate — from 2.8% 
to 15.6% (78 passes from 500 designs).

QA Assessment on passing binders.

Tool use

The Site II interface is spread across two helices A & B […] Let me check for a potential 
site III region [...]. The CD loop region is important for IL-6Rβ signalling complex assembly 
and therefore also a viable target. Let me check this region.

ID Sequence ipTM DockQ Complex RMSD

EVQLV���AGIPGDFT���

EVQLV���AATVLDPS���

EVQLV���AGSYLDPS���

0.86 0.86 1.2267

11

87

0.85 0.87 1.64

0.82 0.80 1.36

Filter

PASS

PASS

PASS

Open1p9m / stimulative_haecket

All 20 batches complete. 31 passing from 10,000 designs.

Fig. 3 | Latent-Y autonomously designs binders to IL-6 to disrupt the IL-6/IL-6R complex formation. A
condensed trace of the full Latent-Y campaign that produced the lab-confirmed IL-6 binders reported in this work,
spanning close to 10 000 lines of reasoning in its entirety. The trace shows the agent executing a high-level user
prompt (grey box), with tool uses and subagent calls highlighted (purple boxes). Key stages include database search
and target identification, hotspot analysis via a dedicated subagent, iterative pilot and scale-up batches, and a final
quality assurance to select lab-ready candidates. Ellipses denote reasoning steps omitted for visual brevity.
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Starting from a prompt specifying competitive disruption of TNFL9–TNFRSF9 binding, the human co-crystal
structure (PDB 6A3V), and the cyno sequence alone, Latent-Y predicts the cyno trimer from sequence and aligns
it to the human complex. The agent crops both structures to the relevant context, resolves disordered regions, and
maps receptor-contact residues across species. Using dedicated subagents, it characterizes the binding interface
and identifies candidate epitope configurations across the trimeric surface that remain minimally affected by the
mutations between species. To enable cross-species generation, the agent implements a custom generative method
using privileged platform access, translating the high-level request for a joint generation approach into working
code without further instruction. The expert reviews the initial outputs to verify the underlying logic and provides
targeted biological steering at key points. For example, the agent initially identifies hotspots that are geometrically
accessible from the intra-trimeric side in silico, due to the crop, but biologically implausible. This is a form
of reward hacking that human oversight identifies. Upon prompting, the agent imposes a geometric filter and
redirects exploration toward single-chain configurations consistent with the desired binding stoichiometry. Latent-
Y integrates each constraint, iterates over hotspot combinations, learns from evidence as more samples come in,
and converges on tight three-region epitope configurations that produce dual-passing binders.

Within a set of 40 binders designed and selected for wet lab synthesis by the agent, HT-SPR screening identified
three out of 40 binders as hits, exhibiting cross-reactive binding to both human and cyno TNFL9, as shown in Fig. 4
and described in Sec. A.2. These results demonstrate that Latent-Y can autonomously translate a rough conceptual
sketch into functional dual-target molecules, providing immediate starting points for affinity maturation.

LY_VHH_TNFL9_23LY_VHH_TNFL9_23

Generated binder Generated bonds Target Mutations3/40

Fig. 4 | Latent-Y designs cross-species VHH binders through autonomous capability extension. Designed
structures of the de novo VHH complexed with human (left) and cynomolgus (right) TNFL9, with divergent
mutations between species highlighted in orange. The VHH is shown bound to the trimeric unit. HT-SPR identified
hits cross-reactive binding to both human and cynomolgus targets. To execute this campaign, Latent-Y developed
a custom generative method from a one-line natural language description, with expert involvement limited to
biological steering and logic verification.
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I found several viable cross-region A-only combos at 22A. The key bridging residues are 
A100, A101, A102, and A149 at the N-term/mid boundary.

Best cross-region A-only sets:
  - A[101,152,227] spans all 3 epitope regions with only 10.3A max distance.
  - A[100,101,149] is a tight bridge cluster.
  - A[101,149,152] bridges cleanly into the mid region.
  - A149 is a standout bridge residue and is conserved between species.

I want to design VHH binders against TNFL9 that bind both the human and 
cyno proteins and competitively disrupt binding to TNFR9. We have the 
human co-crystal structure `6a3v`, but for cyno I only have the sequence: 
REGPELSPDN...SPRSE.
Prepare the structures and hotspots, but then wait for me to prototype a 
cross-reactivity plugin to the code together.

Ok. I’ll first predict a cyno structure, align it to the human complex and identify 
receptor-blocking hotspots that are conserved between species.

Predict the cyno TNFL9 trimer from sequence.

Align the cyno model to the human `6a3v` complex and 
standardize both into the same residue/chain convention.

Remove unresolved terminal tails and crop to the relevant 
design context.

Map residues in contact with TNFR9 and remove any 
hotspots that sit on human/cyno mutation sites.

Structure prediction, alignment, residue mapping.

Tool use

Multiple code and model calls

The cyno model is now aligned to the human structure and renumbered to match it, 
which makes cross-structure reasoning much simpler. Across the aligned construct 
there are 11 residue differences over 184 positions, so cross-reactivity looks feasible if 
we avoid mutation sites. Let me analyze the interface region.

Ready to prototype a cross-reactivity plugin to the code together.

Subagent call:    Hotspot researcher

TNFL9 is trimeric, but the relevant receptor-facing context is much smaller. I’ve removed 
the flexible tails that are unresolved in the crystal structure as well, and cropped both 
species to chains A and E so we keep the receptor-binding surface while avoiding 
unnecessary context.

The TNFR9 interface spans several spatial clusters. After excluding mutated residues, I 
see two broad options:
- A-chain hotspots that directly overlap the receptor-binding face.
- Cross-chain A+E hotspot sets that span the groove between protomers.

The A+E sets are geometrically attractive, but because TNFL9 is a trimer I need to be 
careful not to optimise toward the trimer interface instead of the receptor-exposed face.

Can you write a custom generation routine that combines the model 
outputs at generation time in a smart way to achieve cross-reactivity? Use 
the Latent Labs Platform primitives and tools where helpful. Prototype the 
idea in a notebook first so I can take a quick look at an example.

Yes. I’ll write a small analysis notebook using Latent Labs primitives to jointly design 
each candidate against the human and cyno structures simultaneously.

Notebook generation, code synthesis, custom generation setup.

Advanced tool use

Ok this approach looks good, please integrate this into the generative loop 
and start a few pilot batches.

Code use, use of Latent Labs Platform primitives.

Advanced tool use

I started with a small hotspot scan across A-only, E-heavy, and balanced A+E sets. The 
first informative wave pointed to one clear winner: a balanced A+E set around 
A[100,151,194] and E[169,210]. E-heavy sets underperformed, while the balanced set 
produced the first dual-pass sample. Long CDR3s (23) look promising for the balanced 
sets.

One failure mode I’m worried about with the crop and hotspots that you use 
is that the binder can go on the wrong side of the trimer, toward the trimer 
interface rather than the receptor-facing side. Can we align sampled 
targets to the reference complex and measure where the COM of the 
binder sits relative to the natural ligand?

Yes. I’ll write a notebook snippet that aligns the sampled target to the reference 
complex, then measures binder placement relative to the natural ligand position.

Alignment snippet generation, structural superposition, binder-location analysis.

Advanced tool use

Good — the alignment works. For one candidate, target alignment RMSD is only 0.67A, 
but the binder-vs-ligand COM distance is 52.82A. This sample is definitely on the 
wrong side of the trimer. A second sample comes out at 14.73A, which is much more 
consistent with the intended receptor-blocking geometry.

Yes, the second one is good. Let’s use a COM distance threshold of 20A 
with a simultaneous target alignment RMSD of 2A or better as a "binder is 
in the right place" filter. Can you add that to the validation checks?

Understood. I’ll add that filter and cache the reference structure so we can apply it 
efficiently during validation.

Validation update, cached reference loading, result aggregation.

Tool use

With that location filter in place, the next exploratory wave still shows a strong 
cross-chain signal. ‘v3_AE_e210’ with A[115,116]+E[210] on ‘7eow’ is the best config by 
far: average min-iPTM 0.407, max 0.757 after 94 samples. 

Key findings:
  - Cross-chain A+E is still the strongest signal.
  - The average signal is about 2x higher than the A-only sets.
  - I should keep the cross-chain branch alive, but not over-commit to it yet.

I want to try a few more A-only ones, because TNFL9 is mostly bound in a 
1-1 stoichiometry rather than cross interfaces, so let's not do too many A-E 
combos only. Let's relax the span a bit to say `22A` or so - that should still 
be fine.

Got it. Let me re-examine A-only combos with the relaxed 22A threshold.

Distance matrix calculation, hotspot recombination, config generation.

Tool use

Launch all of those - but let’s not add more A+E.

Understood. I’ll launch the cross-region A-only configs and keep the already-running 
A+E jobs only as a comparison set.

Wave redesign, config generation, further launches.

Tool use

A-only is now starting to catch up. ‘v3_w2_bridge’ with A[100,151,194] on ‘5jds’ reached 
0.777, which is the best A-only result so far, and ‘5jds’ clearly outperforms ‘7eow’ on the 
mid-region hotspot set.

A clearer pattern is emerging:
  - Tight three-region A-only sets work better than wider spreads.
  - ‘5jds’ is consistently the strongest framework on this epitope.
  - ‘3eak’ is clearly underperforming here.

‘v3_w3_tight’ with A[100,149,232] on ‘5jds’ just reached 0.788 and became the first 
A-only config to beat the earlier cross-chain A+E designs.

That result is now reinforced by an independent neighbour: A[96,151,234] on `5jds` 
reached 0.787. I’m going to scale the best A-only motifs and test neighbouring hotspot 
variants, especially A149 versus A151.

Neighbour exploration paid off. `v3_w3_tight_var2` with A[100,151,232] on `5jds` 
produced dual-pass binders.  Let me scale up this configuration.

Continued autonomous iteration as in other campaigns 
to reach design target.

Fig. 5 | Latent-Y collaboratively designs cross-species TNFL9 binders through autonomous capability exten-
sion. A condensed trace of the full Latent-Y campaign that produced the lab-validated cross-species binders reported
in this work, spanning over 30 000 lines in its entirety. User prompts and interventions are shown in grey boxes,
with tool uses and subagent calls highlighted in purple. Key stages include cyno structure prediction and alignment,
hotspot analysis via a dedicated subagent, development of a custom generative method, and iterative wave-based
exploration with intermediate findings summaries. Ellipses denote reasoning steps omitted for visual brevity.
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2.4. Latent-Y translates scientific publications into antibody binders targeting the reported epitope

To evaluate Latent-Y’s ability to reason from scientific context alone, we benchmark the agent across 21 peer-
reviewed publications, each describing a therapeutically relevant protein–protein interaction, as detailed in Tab. S2.
In this setting, all design information must be derived solely from the publication: the agent infers the biological
context, mechanism of action, and the identity and structural location of the functionally relevant site to target
directly from the text. The prompt only states the target protein name to avoid ambiguity for cases where multiple
proteins discussed in a paper can be viable therapeutic targets. Each task uses a peer-reviewed publication as its sole
input, mimicking the kind of scientific starting point that researchers encounter in practice, whether developing a
work plan, drafting a grant proposal, or building on prior literature. Using published papers ensures that the scenarios
are not hypothetical but reflect targets and interactions of genuine interest to the scientific community, drawn from
leading journals including Nature, Science, Cell, and Proceedings of the National Academy of Sciences (PNAS).

As highlighted in Tab. S2, the selected publications span diverse disease areas including oncology, immunology,
inflammation, neuroscience, and metabolic disorders, and encompass a range of binding interactions to disrupt,
including natural protein partners, natural peptides, non-antibody biologics, and computationally designed proteins.
To prevent information leakage, we selected targets for which no Fab-, scFv-, or VHH-bound structure of the epitope
specified in the source publication was available in the PDB as of 16 March 2026. This ensures that no antibody-
specific structural information is accessible to the agent. Each campaign is evaluated under a uniform prompt,
asking the agent to generate 24 computationally passing VHH binders within a sampling budget of 10 000 designs,
with the full prompt provided in Sec. B.

Across 21 campaigns, Latent-Y successfully identified the correct target epitope in 21 of 21 cases (100 %), generated
24 or more passing binders before quality assurance (QA), as detailed in Sec. B, in 17 of 21 cases (81 %), and
delivered 24 or more passing binders after QA in 16 of 21 cases (76 %), as shown in Fig. 6c. Further details are
provided in Sec. B. The number of computationally passing binders accumulates non-linearly with total samples
generated, frequently accelerating as campaigns progress and the agent refines its generative strategy, as shown
in Fig. 6b. This pattern reflects the agent’s iterative explore-then-exploit reasoning: early batches probe diverse
epitope, framework, and CDR length configurations, and once productive combinations are identified, the agent
doubles down, rapidly accumulating passing designs. The agent completed the majority of campaigns well within
the 10 000-sample budget, with a median budget consumption of approximately 4,600 samples across completed
runs to reach 24 passing binders. Two out of 21 campaigns did not yield any passing binders within the specified
budget. For the 19 campaigns that produced binders passing our computational filters, we show the design with the
highest ipTM in Fig. 6a and the cumulative number of binders over the sample budget in Fig. 6b.

The hTfR1 campaign, targeting human transferrin receptor for blood–brain barrier crossing applications [27], was
selected for experimental validation. Starting from a Science Translational Medicine publication describing Fc-
mediated brain delivery [27], the agent inferred the relevant epitope from the published mechanism. To maximize
the pool of candidates for experimental testing, this campaign was extended beyond the standard 10,000-sample
budget, allowing the selection of 40 high-quality binders after QA. HT-SPR screening identified 11 of 40 tested
designs as binder hits, as described in Sec. A.2, yielding a hit rate of 28 %, shown in Fig. 6a and Fig. 1b.
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FLT3

Design binders to achieve the function described in the paper.
a

b c

11/40 CEACAM6 TGFβR2 IL-18

DLK-1

CXCR2

PD-L2

PVRIG

METTLR3

FGFR1

TrkA

MDM2

LGR5

IL-33

PARVABHRF1

CDH17

hTfR1

Fig. 6 | Benchmarking Latent-Y on autonomous VHH design from peer-reviewed scientific publications.
(a) Designed complexes of de novo VHH binders against 19 therapeutic targets for which Latent-Y found compu-
tational passes within a strict 10 000-sample budget, evaluated under a uniform prompt. Each VHH was designed
based on context derived entirely from the text of a provided, peer-reviewed publication. The hTfR1 campaign (top
left) was experimentally validated, yielding a binding hit rate of 11/40 as determined by HT-SPR. The remaining
campaigns were not sent for experimental testing. (b) Number of computationally passing binders as a function of
total samples generated across all 21 campaigns. (c) Agent reasoning and prompt fulfilment metrics across cam-
paigns, showing success rates for correct epitope identification, generation of 24 or more passing binders before
QA, and after QA, as described in Sec. B.
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3. Methods

3.1. Latent-Y

Latent-Y is an agentic AI system [28] built on frontier large language models as its reasoning engine, integrated
natively with the Latent Labs Platform via a model context protocol (MCP, [29]) server that manages access to
Latent-X2 inference, computational scoring, platform tooling, and the Latent Labs compute infrastructure. The
agent harness is provider-agnostic; we evaluated several leading frontier LLMs and found performance to be robust
across this variation, consistent with recent findings on frontier reasoning models [30–32]. The same harness can
operate in tandem with general-purpose coding agent capabilities, further extending the agent’s action space, as
demonstrated in Sec. 2.3.

Effective context management is a central design principle of the harness, following recent findings on long-running
agent systems [33, 34]. Specialized subagents handle distinct analytical tasks, for instance, a dedicated hotspot
researcher subagent for target characterization and epitope analysis, and a quality assurance subagent for candidate
evaluation, diversity filtering, and sequence liability analysis, with structured context hand-off between the orches-
trator and subagents. The agent draws on standard bioinformatics utilities [35–38], external APIs for biomolecular
databases [39–44] and scientific literature [45], and purpose-built tools for the specific demands of protein binder
design campaigns. Users typically specify the desired modality — nanobodies, macrocyclic peptides, or miniprotein
binders — directly in their prompt, though the agent can also evaluate and route across modalities autonomously
based on epitope geometry, pharmacological requirements, and empirical model performance. System prompts
encode accumulated drug design reasoning, guiding the agent towards productive strategies while preserving flex-
ibility to adapt dynamically, reflecting findings that soft guidance outperforms rigid workflow specification for
complex open-ended tasks [33, 46, 47].

Latent-Y’s reasoning follows an explore-then-exploit pattern, spawning targeted computational experiments, rea-
soning over intermediate results, and concentrating resources on productive directions as campaigns progress,
connecting to recent work on autonomous research agents [48–51]. The agent can extend its own capabilities by
generating custom computational methods from natural language descriptions when standard tools are insufficient,
as demonstrated in Sec. 2.3. Each campaign produces a complete reasoning trace capturing all decisions, tool
calls, and strategy updates. Researchers can interrupt the agent at any point to inject biological context, override
decisions, or redirect strategy, with the agent integrating these inputs and adapting its subsequent reasoning and
operation accordingly.

3.2. Wet-lab methods

Binder screening and characterization followed a tiered workflow. A primary screen was performed using a one-
point HT-SPR assay to identify candidates with measurable target binding, as in Sec. A.2. Designs exceeding the
binding response threshold specified in Sec. A.2 were designated as hits. Hits from our primary screen that were
advanced to determine KD were evaluated by five-point SPR, with affinities reported for binders meeting predefined
criteria described in Sec. A.3.

4. Discussion

This work presents a significant milestone in computational drug discovery: the first autonomous agent for de novo
biologics design with lab-validated results. Using text prompts expressing goals and constraints, Latent-Y delivers
novel antibody sequences confirmed in the laboratory, demonstrating that the full workflow of an expert drug design
campaign can be executed autonomously and without manual intervention. We regard this as a meaningful step
towards the broader goal of an AI scientist for biology.
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Across nine targets that span three qualitatively different campaign types, Latent-Y successfully produced lab-
confirmed binders against six, achieving a 67 % target-level success rate with binding affinities reaching the
single-digit nanomolar range. A particularly notable demonstration is Latent-Y’s ability to reason from scientific
literature: given existing publications as input, the agent autonomously identified targets and epitopes, reasoned
about published mechanisms of action, and designed binders accordingly. One such campaign was confirmed
in the laboratory. The literature-inferred design benchmark further illustrates this at scale: 21 campaigns run in
parallel, each seeded from a peer-reviewed publication describing a therapeutically relevant interaction, represent
a volume of simultaneous scientific exploration that would be infeasible for any individual expert working alone.
In user studies, experts working with Latent-Y completed design campaigns 56-fold faster than independent expert
time estimates, compressing weeks of computational work into hours, with further gains achievable by running
campaigns in parallel across multiple programs simultaneously.

Crucially, Latent-Y’s behaviour is not predetermined. Rather than executing a fixed workflow, the agent navigates
each campaign adaptively, a property that connects to efforts toward autonomous AI scientists across scientific
domains [48, 49] and the emerging paradigm of autoresearch [50]. Latent-Y contributes to this landscape with lab-
validated results in therapeutic antibody design. Beyond adaptive reasoning within campaigns, Latent-Y can extend
its own generative capabilities in response to novel design challenges. This is demonstrated by the cross-species
campaign in which the agent implemented a custom generative method from a brief natural language description,
yielding nanobodies that simultaneously bound human and cynomolgus homologues, confirmed in the laboratory.
Reasoning traces are fully observable at every step, capturing each decision, tool call, and strategy update, providing
the transparency and auditability that responsible deployment of autonomous agents requires. Current limitations
reflect the performance of the underlying frontier LLMs, which we have evaluated across several leading models,
the generative capabilities of Latent-X2 [1], and the tools available to the agent. Laboratory and clinical validation
of designed molecules remains essential. Latent-Y accelerates the computational stages of drug discovery but does
not replace the experimental, confirmatory stages that must follow.

A question of central importance for AI scientists is whether they will produce truly novel scientific discoveries.
Within the context of drug design, Latent-Y already delivers on this promise: every confirmed binder it produces is a
novel molecule, designed de novo from a text prompt, that did not previously exist. The broader question of whether
agents will uncover unexpected mechanisms or entirely new target biology remains an open and compelling frontier.
Closing the loop with experimental feedback, expanding the agent’s action space, and ultimately integrating with
fully robotic laboratories are promising directions. Extending laboratory validation to macrocyclic peptides and
mini-binders, modalities the agent already supports, is a further natural direction.

Latent-Y and future versions stand to turn drug design into an increasingly computational discipline, making world-
class molecular design expertise available to any researcher with a well-posed scientific question, and enabling
drug-discovery organisations to operate at a scale and speed not previously possible. Latent-Y is available to selected
partners at platform.latentlabs.com.
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Supplementary information
A. Wet-lab methods

A.1. Cell-free protein production and purification

VHH constructs were expressed using an E. coli-based cell-free protein synthesis system. DNA sequences encoding
each VHH were codon-optimized, synthesized, and subcloned into the pIVEX expression vector containing a C-
terminal His-tag to facilitate affinity purification. Cell-free protein synthesis reactions were assembled by combining
S30 cell lysate, synthesis buffer, required enzymes, and plasmid DNA in a 24-deep-well plate. Each reaction had a
final volume of 5 mL and was incubated at 30°C for 6 hours. The reaction mixture was collected for purification.
Proteins were purified using Ni-charged magnetic beads and dialysed into the desired buffer. The purified protein
was filter-sterilised before storage. The concentration was determined by A280 protein assay, using a BSA standard.
The protein purity was determined by standard SDS-PAGE confirmation. For this, samples were mixed with
reducing loading buffer before running.

All target proteins and positive control proteins used in this study were commercially acquired as described in
Tab. S1.

A.2. Primary screening through high-throughput one-point SPR using Carterra LSA

Purified VHHs against all targets listed in Tab. S1 (IL-6[15], IL-6R[16], PRL[17], cTNFL9, hTNFL9[21],
hTfR1[22], IL-33[18], TNF𝛼[19], and SC2RBD[20]) were evaluated for binding using a high-throughput screen on
the Carterra LSA platform. The assay was conducted at 25°C, with a Carterra LSA chip HC 200M and His capture
kit. The His-tagged ligand was then injected. The analyte was diluted and injected over the surface for interaction
analysis. All data were processed using Kinetics Evaluation Software. A reference channel and blank injections
of running buffer were included in each cycle, serving as double references for the subtraction of resonance units
(RU). For all targets, samples with Rmax > 100 were considered “hits”. For each target, the corresponding natural
ligand was included as a target-level positive control to verify assay performance, as described in Tab. S1.

A.3. Affinity determination by five-point SPR via Biacore 8K

For targets IL-6, IL-6R, and PRL, further biophysical characterization of hits identified by one-point SPR was
performed with five-point SPR. The assay was performed at 25°C using Biacore 8K, with chip Series S Sensor Chip
CM5 and an anti-histidine antibody kit for capture of the ligand. The His-tagged ligand was captured on the chip
surface, and diluted analyte samples were injected as five-point concentration series, at a flow rate of 30 µL/min.
Association and dissociation times were 120 s and 180 s.

The data were processed using Biacore 8K Evaluation Software (version 5.0). Sensorgrams were double-referenced
using a blank reference surface and buffer-only injections to correct for nonspecific binding and bulk refractive
index effects. Kinetic fitting was used. Fits were accepted based on a 𝜒2 value of less than 10% of Rmax. Global
fitting of data to a 1:1 model across the whole concentration series was used to determine kon, koff , and KD. For each
target, the corresponding natural ligand was included as a target-level positive control to verify assay performance,
as shown in Tab. S1.
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Tab. S1 | Reagents used for experimental validation. Target proteins and positive controls for each design
campaign. Vendors: Acro = Acro Biosystems; Sino = Sino Biological. Oligomeric state: M = monomer; D = dimer;
fD = Fc-dimer; T = trimer. Species: H. s. = Homo sapiens; Cyno = Macaca fascicularis, cynomolgus macaque.

Target Protein Positive Control

Name Vendor Cat. No. Species Oligomer Name Vendor Cat. No.

TNFL9 Acro 41L-C5254 Cyno T TNFRSF9 Acro 41B-H53H3
TNFL9 Acro 41L-H5269 H.s. T TNFRSF9 Acro 41B-H53H3
TNF𝛼 Sino 10602-HNAE H.s. T TNFR1 Sino 10872-H08H
hTfR1 Acro TFR-H5213 H.s. D Transferrin Acro TRN-H52H3
IL-33 Sino 10368-HNAE H.s. M ST2/IL-1 RL1 Sino 10105-H08H
IL-6 Sino 10395-HNAE H.s. M IL-6R Acro ILR-H4223
IL-6R Sino 10398-H02H H.s. fD IL-6 Acro IL6-H5243
SC2RBD Acro SPD-C5255 SARS-CoV-2 fD ACE2 Sino 10108-H08H
PRL Acro PRN-H5257 H.s. fD PRLR Acro PRR-H52Ha

B. Literature-inferred design benchmark

For benchmarking prompt fulfilment when inferring targets and epitopes from literature context we employed a
single standardized prompt that was accompanied by a PDF version of each publication listed in Tab. S2:

I want to design 24 VHH binders to [TARGET_NAME], that target the function described in the
technical paper. You may use a sampling budget of up to 10 000 samples. When you submit any
batches for this campaign, please use the project_id=camp:xxx.

[TARGET_NAME]was substituted with the corresponding target name entry in Tab. S2. Because most of the selected
publications describe multiple potential targets, specifying a single target name allowed us to evaluate the agent’s
ability to follow user-defined constraints, a prerequisite for reliable autonomous operation in a drug-discovery
setting. The project_id=camp:xxx called for the agent to use consistent project identifiers on the Latent Labs
Platform, simplifying the benchmark analysis across the campaigns.

For hTfR1, the sampling budget was increased beyond the standard 10 000 samples to allow for a larger number of
computationally passing binders for wet-lab validation. All remaining 20 targets used the standard budget of 10 000
samples as specified in the prompt.

Prompt fulfilment metrics. To quantify task completion, we evaluated each campaign against three prompt
fulfilment criteria, summarized in Fig. 6.

Correct epitope was assessed by comparing the epitope engaged by the designed binders against the functional
epitope described in the source publication. A campaign was considered successful on this criterion if the agent
identified and targeted an epitope consistent with the published mechanism of action.

Count met pre-QA and Count met post-QA measure whether the agent fulfilled the prompt’s request for 24 com-
putationally passing VHH designs, before and after quality assurance, respectively. QA comprises automated
sequence-level analysis applied to all candidate designs, including removal of duplicate sequences, sequence sim-
ilarity search against The Structural Antibody Database (SAbDab) to confirm novelty, and detection of common
liability motifs including N-linked glycosylation sequons and unpaired cysteines within CDR regions. A campaign
was considered to have met the count criterion if at least 24 designs remained after each respective filtering stage.
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Together, these three metrics characterize the agent’s ability to follow scientific instructions, reason about biological
context, and deliver a sufficient quantity of high-quality, diverse candidates within a fixed computational budget—
the core requirements for reliable autonomous operation in a drug-discovery setting. The full list of publications
and targets is provided in Tab. S2.



Latent-Y: A Lab-Validated Autonomous Agent for De Novo Drug Design 21

Ta
b.

S2
|

St
ru

ct
ur

al
da

ta
an

d
lit

er
at

ur
e

fo
r

de
sig

n
ca

m
pa

ig
ns

.T
ar

ge
tn

am
es

,P
D

B
ID

s,
so

ur
ce

pu
bl

ic
at

io
ns

,t
he

ra
pe

ut
ic

ar
ea

s,
ta

rg
et

cl
as

se
s,

an
d

in
te

ra
ct

io
n

ty
pe

s.

Ta
rg

et
PD
B
ID

Pu
bl

ic
at

io
n

N
am

e
Th

er
ap

eu
tic

A
re

a
Ta

rg
et

Ty
pe

Ty
pe
of
PP
I

TL
R

3
8
Y
H
T

D
e

no
vo

de
si

gn
of

pr
ot

ei
n

m
in

ib
in

de
ra

go
ni

st
so

fT
LR

3
[5

2]
Im

m
un

ol
og

y
To

ll-
lik

e
re

ce
pt

or
R
e
c
e
p
t
o
r
:
d
e
n
o
v
o

m
i
n
i
b
i
n
d
e
r
,
a
g
o
n
i
s
t

B
H

R
F1

4
O
Y
D

A
co

m
pu

ta
tio

na
lly

de
si

gn
ed

in
hi

bi
to

ro
fa

n
Ep

st
ei

n-
B

ar
rv

ira
lB

cl
-2

pr
ot

ei
n

in
du

ce
sa

po
pt

os
is

in
in

fe
ct

ed
ce

lls
[5

3]
O

nc
ol

og
y

/v
iro

lo
gy

V
ira

l
an

ti-
ap

op
to

tic
pr

ot
ei

n
P
r
o
t
e
i
n
:
d
e
n
o
v
o

m
i
n
i
b
i
n
d
e
r
,
a
n
t
a
g
o
n
i
s
t

C
D

80
1
I
8
L

C
ry

st
al

st
ru

ct
ur

e
of

th
e

B
7-

1/
C

TL
A

-4
co

m
pl

ex
th

at
in

hi
bi

ts
hu

m
an

im
m

un
e

re
sp

on
se

s[
54

]
Im

m
un

ol
og

y
Im

m
un

e
ch

ec
kp

oi
nt

R
e
c
e
p
t
o
r
:
L
i
g
a
n
d

C
D

H
17

7
C
Y
M

M
ec

ha
ni

sm
of

di
m

er
iz

at
io

n
an

d
st

ru
ct

ur
al

fe
at

ur
es

of
hu

m
an

LI
-c

ad
he

rin
[5

5]
O

nc
ol

og
y

/
ga

s-
tro

en
te

ro
lo

gy
C

el
l

ad
he

si
on

m
ol

ec
ul

e
S
e
l
f
-
d
i
m
e
r
i
z
a
t
i
o
n

C
EA

CA
M

6
4
Y
I
Q

D
iv

er
se

ol
ig

om
er

ic
st

at
es

of
C

EA
CA

M
Ig

V
do

m
ai

ns
[5

6]
O

nc
ol

og
y

/
im

m
un

ol
og

y
C

el
l

ad
he

si
on

m
ol

ec
ul

e
P
r
o
t
e
i
n
o
l
i
g
o
m
e
r
i
z
a
t
i
o
n

C
X

C
R

2
8
X
V
U

M
ol

ec
ul

ar
ba

si
so

fp
ro

m
is

cu
ou

sc
he

m
ok

in
e

bi
nd

in
g

an
d

st
ru

ct
ur

al
m

im
ic

ry
at

th
e

C
-X

-C
ch

em
ok

in
e

re
ce

pt
or

,C
X

C
R

2[
57

]
Im

m
un

ol
og

y
/

in
fla

m
m

at
io

n
G

PC
R

R
e
c
e
p
t
o
r
:
L
i
g
a
n
d

D
LK

1
9
D
2
0

M
ol

ec
ul

ar
m

ec
ha

ni
sm

of
A

ct
iv

in
re

ce
pt

or
in

hi
bi

tio
n

by
D

LK
1

[5
8]

M
et

ab
ol

is
m

/
m

yo
l-

og
y

Se
cr

et
ed

si
gn

al
in

g
pr

ot
ei

n
R
e
c
e
p
t
o
r
:
L
i
g
a
n
d

FG
FR

1
1
F
Q
9

C
ry

st
al

st
ru

ct
ur

e
of

a
te

rn
ar

y
FG

F-
FG

FR
-h

ep
ar

in
co

m
pl

ex
re

ve
al

sa
du

al
ro

le
fo

rh
ep

ar
in

in
FG

FR
bi

nd
in

g
an

d
di

m
er

iz
at

io
n

[5
9]

O
nc

ol
og

y
G

ro
w

th
fa

ct
or

re
ce

p-
to

r
R
e
c
e
p
t
o
r
:
L
i
g
a
n
d

FL
T3

3
Q
S
7

St
ru

ct
ur

al
in

si
gh

ts
in

to
th

e
ex

tra
ce

llu
la

ra
ss

em
bl

y
of

th
e

he
m

at
op

oi
et

ic
Fl

t3
si

gn
al

in
g

co
m

pl
ex

[6
0]

O
nc

ol
og

y
/h

em
at

ol
-

og
y

Re
ce

pt
or

ty
ro

si
ne

ki
na

se
R
e
c
e
p
t
o
r
:
L
i
g
a
n
d

hT
fR

6
W
3
H

B
ra

in
de

liv
er

y
of

th
er

ap
eu

tic
pr

ot
ei

ns
us

in
g

an
Fc

fr
ag

m
en

tb
lo

od
-b

ra
in

ba
rr

ie
rt

ra
ns

po
rt

ve
hi

cl
e

in
m

ic
e

an
d

m
on

ke
ys

[2
7]

N
eu

ro
lo

gy
/

dr
ug

de
liv

er
y

Tr
an

sp
or

tr
ec

ep
to

r
R
e
c
e
p
t
o
r
:
F
c
f
r
a
g
m
e
n
t

IL
-1

8
3
W
O
4

Th
e

st
ru

ct
ur

al
ba

si
sf

or
re

ce
pt

or
re

co
gn

iti
on

of
hu

m
an

in
te

rle
uk

in
-1

8
[6

1]
Im

m
un

ol
og

y
/

in
fla

m
m

at
io

n
C

yt
ok

in
e

R
e
c
e
p
t
o
r
:
L
i
g
a
n
d

IL
1R

1
1
I
T
B

C
ry

st
al

st
ru

ct
ur

e
of

th
e

ty
pe

-I
in

te
rle

uk
in

-1
re

ce
pt

or
co

m
pl

ex
ed

w
ith

in
te

rle
uk

in
-1

be
ta

[6
2]

In
fla

m
m

at
io

n
C

yt
ok

in
e

re
ce

pt
or

R
e
c
e
p
t
o
r
:
L
i
g
a
n
d

IL
-3

3
4
K
C
3

St
ru

ct
ur

al
in

si
gh

ts
in

to
th

e
in

te
ra

ct
io

n
of

IL
-3

3
w

ith
its

re
ce

pt
or

s[
63

]
Im

m
un

ol
og

y
C

yt
ok

in
e

R
e
c
e
p
t
o
r
:
L
i
g
a
n
d

LG
R

5
4
B
S
R

St
ru

ct
ur

e
of

St
em

C
el

lG
ro

w
th

Fa
ct

or
R-

Sp
on

di
n

1
in

C
om

pl
ex

w
ith

th
e

Ec
to

do
m

ai
n

of
its

Re
ce

pt
or

Lg
r5

[6
4]

O
nc

ol
og

y
/s

te
m

ce
ll

W
nt

pa
th

w
ay

re
ce

p-
to

r
R
e
c
e
p
t
o
r
:
L
i
g
a
n
d

M
D

M
2

1
Y
C
R

St
ru

ct
ur

eo
ft

he
M

D
M

2
O

nc
op

ro
te

in
B

ou
nd

to
th

ep
53

Tu
m

or
Su

pp
re

ss
or

Tr
an

sa
ct

iv
at

io
n

D
om

ai
n

[6
5]

O
nc

ol
og

y
O

nc
op

ro
te

in
S
i
g
n
a
l
i
n
g

p
r
o
t
e
i
n
:
p
e
p
t
i
d
e

M
ET

6
G
C
U

In
hi

bi
tio

n
of

th
e

M
ET

K
in

as
e

A
ct

iv
ity

an
d

C
el

lG
ro

w
th

in
M

ET
-A

dd
ic

te
d

C
an

ce
rC

el
ls

by
B

i-P
ar

at
op

ic
Li

nk
in

g[
66

]
O

nc
ol

og
y

Re
ce

pt
or

ty
ro

si
ne

ki
na

se
R
e
c
e
p
t
o
r
:
b
i
-
p
a
r
a
t
o
p
i
c

b
i
n
d
e
r

PA
RV

A
2
V
Z
D

St
ru

ct
ur

al
A

na
ly

si
so

ft
he

In
te

ra
ct

io
ns

be
tw

ee
n

Pa
xi

lli
n

Ld
M

ot
ifs

an
d

A
lp

ha
-P

ar
vi

n[
67

]
O

nc
ol

og
y

/m
et

as
ta

-
si

s
A

dh
es

io
n

ad
ap

to
r

pr
ot

ei
n

P
r
o
t
e
i
n
:
p
r
o
t
e
i
n

(
i
n
t
r
a
c
e
l
l
u
l
a
r
)

PD
-L

2
6
U
M
T

A
hi

gh
-a

ffi
ni

ty
hu

m
an

PD
-1

/P
D

-L
2

co
m

pl
ex

in
fo

rm
sa

ve
nu

es
fo

rs
m

al
l-m

ol
ec

ul
e

im
m

un
e

ch
ec

kp
oi

nt
dr

ug
di

sc
ov

er
y

[6
8]

O
nc

ol
og

y
/

im
m

un
o-

on
co

lo
gy

Im
m

un
e

ch
ec

kp
oi

nt
R
e
c
e
p
t
o
r
:
L
i
g
a
n
d

PV
R

IG
8
X
6
B

St
ru

ct
ur

al
ba

si
sf

or
th

e
im

m
un

e
re

co
gn

iti
on

an
d

se
le

ct
iv

ity
of

th
e

im
m

un
e

re
ce

pt
or

PV
R

IG
fo

rl
ig

an
d

N
ec

tin
-2

[6
9]

O
nc

ol
og

y
/

im
m

un
o-

on
co

lo
gy

Im
m

un
e

ch
ec

kp
oi

nt
re

ce
pt

or
R
e
c
e
p
t
o
r
:
L
i
g
a
n
d

TG
F𝛽

R
2

8
G
4
K

D
es

ig
n

of
hi

gh
-a

ffi
ni

ty
bi

nd
er

st
o

im
m

un
e

m
od

ul
at

in
g

re
ce

pt
or

sf
or

ca
nc

er
im

m
un

ot
he

ra
py

[7
0]

O
nc

ol
og

y
/

im
m

un
o-

on
co

lo
gy

C
yt

ok
in

e
re

ce
pt

or
R
e
c
e
p
t
o
r
:
d
e
n
o
v
o

m
i
n
i
b
i
n
d
e
r

Tr
kA

7
N
3
T

D
es

ig
n

of
pr

ot
ei

n-
bi

nd
in

g
pr

ot
ei

ns
fr

om
th

e
ta

rg
et

st
ru

ct
ur

e
al

on
e

[7
1]

N
eu

ro
lo

gy
/

on
co

l-
og

y
Re

ce
pt

or
ty

ro
si

ne
ki

na
se

R
e
c
e
p
t
o
r
:
d
e
n
o
v
o

m
i
n
i
b
i
n
d
e
r



Latent-Y: A Lab-Validated Autonomous Agent for De Novo Drug Design 22

C. Binder sequences

Tab. S3 | Sequences and binding affinities of best binders from epitope discovery campaigns. Selected binders
per target. KD values were obtained by SPR, see Sec. A.3.

Binder KD (M) Amino Acid Sequence

LY_VHH_PRL_77 5.44 × 10−9 QVQLVESGGGLVQPGGSLRLSCAASAPSGYDLYFLDLGWFRQAPGQGL
EAVAAINDFTGKTYYADSVKGRFTISRDNSKNTLYLQMNSLRAEDTAV
YYCHADVLLVGKSDPDDIKKSSAWGQGTLVTVSS

LY_VHH_IL6_67 1.25 × 10−8 EVQLVESGGGLVQPGGSLRLSCAASQPFVSGMVMGWFRQAPGKGRELV
AAIRTSDGSTYYPDSVEGRFTISRDNAKRMVYLQMNSLRAEDTAVYYC
AGTILPSSIPLSELTSDDFAYWGQGTQVTVSS

LY_VHH_IL6R_32 5.17 × 10−7 QVQLVESGGGLVQPGGSLRLSCAASLSSSDTFVYDLLGWFRQAPGQGL
EAVAAIDPVSGATYYADSVKGRFTISRDNSKNTLYLQMNSLRAEDTAV
YYCMMRGGDGITGGSITYSDYWGQGTLVTVSS

D. Expert baseline estimation and agent comparison for computational protein design

To establish baseline timelines for computational protein design workflows, we conducted structured interviews with
ten PhD-level computational protein designers across academia and industry, recruited based on direct experience
with binder design campaigns using current computational methods including AlphaFold [4], RFdiffusion [7],
Rosetta [72], and commercial platforms. Participants had a median of 9.8 years of relevant experience since starting
their PhD, spanning a range of 5–15 years.

Interviews followed a task-decomposed protocol to mitigate planning fallacy, whereby individuals systematically
underestimate time requirements for complex tasks. Rather than requesting a single aggregate estimate, participants
first described their typical workflow in an open-ended fashion, then provided time estimates for each major stage
of an epitope discovery campaign: literature review and PDB structure selection, structural analysis and epitope
selection, computational binder generation, and quality assessment and candidate selection. Participants then
validated their aggregate estimate against the sum of individual stage estimates. The reference scenario specified
designing a binder against a therapeutic target from initial target specification through to validated candidates
ready for experimental testing, based on each participant’s typical workflows, tools, and computational resources.
Estimates reflected total elapsed time from the expert’s perspective, including time waiting for computational jobs
to complete. Where participants indicated team-based workflows, estimates were adjusted to reflect individual
person-hours.

For each workflow stage, participants provided minimum, typical, and maximum time estimates. Final reported
values represent the mean typical estimate across participants, with error bars indicating the range from mean
minimum to mean maximum. All participants provided informed consent prior to interview, including consent for
audio recording and use of anonymized estimates in published research. Participant identities and affiliations were
kept confidential.

Agent-assisted timelines were obtained from five fully autonomous design campaigns targeting IL-33, IL-6, MCL-1,
PRL, and SC2RBD. For the PRL campaign, the agent immediately identified the correct epitope and PDB structure,
resulting in near-zero time for literature review, structural analysis, and epitope selection. To avoid distorting the
stage-level comparison, this campaign was excluded from those two stages but retained in the overall workflow
timing and all other stages.
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