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LLM-Assisted versus Agentic Approaches to De Novo Minibinder Design for a
KRAS G12D Neoantigen

Anonymous Authors1

Abstract

We compare two modes of large language
model (LLM) integration into de novo protein
minibinder design: (1) human designs with LLM
in the loop, where a researcher makes every sci-
entific decision while using an LLM to accelerate
code generation and analysis; and (2) LLM-agent
designs with human in the loop, where the re-
searcher specifies only the therapeutic target and
the agent handles pipeline construction and in
silico evaluation autonomously. Both target the
KRAS G12D neoantigen peptide VVGADGVGK
on HLA-A*11:01 starting with an existing frame-
work (Liu et al., 2025). Across two rounds of de-
sign screens, the human-led campaign produced
15 high-confidence hits and the LLM agent pre-
sented top 41 hits. Evaluated by our new multi-
layered evaluation suite of structure/sequence
quality, Rosetta-based energy calculations, and
docking verification, we conclude that the agent-
led campaign is useful for exploring new design
ideas and running large parallel campaigns, but
domain expertise remained essential for correct
binding orientation, calibrated specificity thresh-
olds, and viable candidate selection.

1. Introduction
1.1. Minibinders Present Emerging Opportunities For

Therapeutics Development

De novo protein minibinders are small (< 100 residues), hy-
perstable proteins designed to bind a specific surface patch
with nanomolar-to-picomolar affinity (Cao et al., 2022;
Watson et al., 2023; Bennett et al., 2023). The field has
validated binders to more than 200 protein targets, with
wide applications in medicine, nanotechnology, and various
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industrial sectors (Yang et al., 2026; Listgarten & Jiang,
2026). De novo minibinders tend to show high selectivity
against human extracellular proteins, likely because their
rigid, helix-rich scaffolds limit the induced-fit promiscuity
seen in binders with flexible loops. Deep learning mod-
els have enabled rapid structure-based minibinder designs
for therapeutics (Glögl et al., 2024; Ragotte et al., 2025;
Sappington et al., 2024), while key challenges remain, in-
cluding low binding affinity, off-target toxicity, and unclear
functional activity (Bennett et al., 2023; Yu et al., 2026;
van den Berg et al., 2015; Zhang et al., 2025; Son et al.,
2024; Kosonocky et al., 2026).

1.2. Peptide–MHC Class I Complexes Are Important
But Challenging Design Targets

Major Histocompatibility Complex Class I (MHC-I)
molecules present 8–11-residue peptides derived from intra-
cellular proteins on the cell surface for immune surveillance.
In cancer cells, disease-driving mutations generate neoanti-
gens and are presented as short peptides by MHC, which
can be targeted by engineered proteins for therapeutics and
diagnostics. Compared with conventional protein targets,
pMHC-I complexes pose acute specificity challenges: the
dominant surface is MHC, conserved across all peptides
in a given allele, while the peptide exposes only a narrow,
partially solvent-accessible strip. A binder must make exten-
sive peptide contacts while discriminating the target from
thousands of self-peptides on the same HLA—demands that
make pMHC-I one of the hardest binder design challenges.

Three groups (Liu et al., 2025; Householder et al., 2025; Jo-
hansen et al., 2025; Hickok & Stromnes, 2025) published de
novo pMHC-I minibinders using the same core toolkit: RFd-
iffusion (Watson et al., 2023) for backbone generation above
the peptide-binding groove, ProteinMPNN (Dauparas et al.,
2022) for sequence design, and AlphaFold2 (AF2) (Jumper
et al., 2021; Bennett et al., 2023; Motmaen et al., 2023) for
structural filtering and specificity screening. Collectively,
they demonstrated that, for certain targets, it is possible
to rapidly design de novo minibinders with high binding
affinity, high specificity, and highly functional activity as
part of re-engineered T cell receptors or T cell engagers. Al-
phaFold2, contact-based filtering (contact molecular score

1



055
056
057
058
059
060
061
062
063
064
065
066
067
068
069
070
071
072
073
074
075
076
077
078
079
080
081
082
083
084
085
086
087
088
089
090
091
092
093
094
095
096
097
098
099
100
101
102
103
104
105
106
107
108
109

de novo KRAS minibinder design

(Cao et al., 2022)), and inverse-folding models (Protein-
MPNN (Dauparas et al., 2022)) led to a desirable number
hits for experimental validation within 2-3 design rounds.
Other approaches (Pacesa et al., 2025; Stark et al., 2025;
Cho et al., 2025) operate without iterative rounds but have
not been benchmarked on pMHC-I.

A persistent challenge across all de novo binder campaigns
is the gap between in silico confidence metrics and exper-
imentally measured binding affinity. Large-scale studies
using quantitative affinity data, spanning tens of thousands
of antibodies and minibinder interactions, have shown that
AlphaFold-derived metrics such as interaction prediction
score from aligned errors (ipSAE) and interface predicted
template modeling (ipTM) enrich for binders but produce
high false-positive rates and fail to rank affinity reliably (Bio,
2026; Overath et al., 2025; Cotet et al., 2025). Performance
varies markedly by target, point mutation campaigns are
a particular blind spot, and providing structural templates
during prediction improves but does not solve classification
(Bio, 2026; Pak et al., 2023). These findings explain why
large campaigns generating thousands of computationally
screened designs typically yield only a handful of exper-
imentally validated hits, and why developability remains
unsystematically addressed.

1.3. LLM Integration in Protein Design

Three modes of LLM integration can be identified along a
spectrum of human control:

Human designs with LLM in the loop The researcher
makes every scientific decision and uses an LLM as an in-
teractive programming assistant that generates code, debugs
scripts, and summarizes the literature. The LLM is easy
to adopt because it accelerates specific tasks but does not
require significant changes to the research workflow.

LLM-agent designs with human in the loop Platforms
such as Latent Labs (Latent Labs Team et al., 2025; 2026),
Boltz, and Tamarind Bio accept a target specification and
broad objectives, with an agent handling literature search,
pipeline assembly, backbone generation, sequence design,
and in silico evaluation (Marshall, 2026). The researcher
reviews candidate outputs rather than intermediate decisions.
These platforms have claimed nanobody and scFv binders
to challenging targets including GPCRs and KRAS (G12D).

No human in the loop Fully autonomous AI-driven sci-
ence, where agents independently form hypotheses, execute
wet-lab experiments, and iterate without human intervention,
is an aspirational frontier that several companies are actively
pursuing. However, no peer-reviewed papers, preprints,
or experimental benchmarks have been published to sup-
port these claims. For the purposes of this paper, fully
autonomous protein design without human oversight re-

mains an unvalidated aspiration rather than a demonstrated
capability, and we do not attempt to reproduce it here.

2. Problem Statement
KRAS G12D is present in many cancers, yet current ap-
proaches have not generated any de novo binder for KRAS
presented at the cell surface by MHC I with high specificity.
The neoantigen peptide VVGADGVGK (HLA-A*11:01)
differs from wildtype VVGAGGVGK by a single glycine-
to-aspartate substitution at position 5. We use the Liu et
al. (Liu et al., 2025) framework as a starting point and ask:
(1) how effectively can a researcher with LLM assistance
produce viable candidates for this novel, challenging target?
(2) what can an LLM agent contribute? and (3) where does
domain expertise remain irreplaceable?

3. Successful binder designs inform new design
evaluation metrics

3.1. Analysis of Published Designs

Prior to launching our campaigns, we analyzed 18 pub-
lished binder sequences (Liu et al., 2025) using AlphaFold3
(Abramson et al., 2024). When we omitted the β-2 mi-
croglobulin chain, two designs (prame-9 and sars-6) showed
back-face MHC docking in blind AF3 predictions, i.e., the
binder engaged the MHC α-helix groove rather than the
peptide-presenting face. Running AlphaFold3 with default
MSA setting (including MSAs for the designed minibinder
in many cases) led to reduced contact between binder and
peptide for 4 designs, as indicated by significantly decreased
ipSAE value, though the change can be overlooked due to
low overall binder root mean squared deviation (RMSD)
(differences < 0.2). Therefore, we ran AlphaFold3 with the
full pMHC-binder complex and disabled MSA generation
for the minibinder.

Structure and sequence analysis of the 18 designs revealed
consistent features: all adopt 3–4-helix topologies arcing
above the peptide groove; 17 designs contact the peptide
with α helices and 1 design uses a loop as the primary
peptide-contacting element. Net charge is consistently nega-
tive (-2.8 to -10.8), no cysteine, and the amino acid compo-
sition is dominated by Asp, Glu, Ala, Leu, and Arg. Hotspot
Rosetta contact molecular surface (CMS) scores are high (in-
cluding polar residues), mean binder predicted local distance
difference test (pLDDT) > 85, and ipSAE > 0.8 across val-
idated designs (Figure A.1,Table 1). Compared to criteria
defined by BindCraft on other targets (Pacesa et al., 2025),
the designs show higher average interface hydrophobicity
and more unsatisfied hydrogen bonds (Figure A.2).
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3.2. Customized evaluation metrics for pMHC binders

We provide the following additional evaluation metrics in
addition to AlphaFold2 initial guess (iPAE, binder pLDDT
and binder RMSD), and AlphaFold2 monomer pLDDT:

Improved AlphaFold2 initial-guess scoring with ip-
SAE Each backbone–sequence pair is predicted using
AlphaFold2-initial-guess protocol (Bennett et al., 2023).
A key addition is to use ipSAE computed exclusively over
binder–peptide residue pairs rather than standard interface
predicted aligned error (iPAE), which is dominated by the
much larger binder–MHC interface and is therefore a poor
proxy for peptide-specific binding. Designs passing ipSAE
≥ 0.8 proceed. We examined iPAE and ipSAE values of
the same designs, and observed that certain designs with
iPAE> 10 but ipSAE< 0.8 still produced promising results
upon further partial diffusion and sequence redesign.

Additional sequence quality evaluation To reduce non-
specific binding, the designs are evaluated for net charge,
surface hydrophobicity, and the presence of cysteine (can
form disulfide bonds with unintended targets). The thresh-
olds for net charge and surface hydrophobicity were cali-
brated based on authors’ successful designs.

AlphaFold3-based evaluation on structural confidence
and Rosetta energy calculations Template-based Al-
phaFold2 refolding decreases false negative rate, but intro-
duces the issue of circular evaluation. AlphaFold2 models
are also limited in cases where a de novo protein is present in
the complex, meaning that no MSA can be computed effec-
tively. Therefore, much of the downstream structure-based
evaluations are based on template-free AlphaFold3 gener-
ated structures on a handful of high-confidence designs.
Biophysical properties using Rosetta are commonly used
in AI-based protein designs (Overath et al., 2025; Pacesa
et al., 2025; Listgarten & Jiang, 2026), and were therefore
incorporated into our evaluation framework.

It remains to be seen whether these additional metrics corre-
late with experimental outcomes.

4. Human Designs with LLM in the Loop
4.1. Overview of Pipeline and Evaluation Methods

The pipeline (Figure 1) follows an existing pipeline (Liu
et al., 2025); the additions below constitute our primary
methodological contribution. All implementations and re-
sult visualizations were written in collaboration with the
Claude Code (Sonnet 4.6) with user-specified goals and
feedback for each step. Each suggestion and script written
by Claude were evaluated by the human researcher. The
pipeline was executed on an academic computing cluster

Round 1 Round 2 — partial diffusion

Target: 9UV8
HLA-A*11:01 + KRAS G12D peptide

Hotspot selection
P6, P7 upward hydrophobic; MHC truncated

RFdiffusion
1000 backbones, 50–100 aa

Backbone geometry screen *
367 backbones pass

Deduplicate by RMSD clustering
< 2 Å threshold → 310 backbones

ProteinMPNN
T=0.1, 8 seq/backbone

AF2 initial guess
pLDDT ≥ 70, RMSD ≤ 2 Å, iPAE < 10

Passing backbones — 25
Seeds for partial diffusion

seeds

Legend

Computational method

Filter / screen

Pass/fail gate

Candidate pool

Output

New step

* Appendix A — Backbone geometry screen criteria

** Appendix B — Multi-metric filter details

RFdiffusion — partial diffusion
partial_T=12/20/25 → 1300 backbones

Geometry screen + deduplication *
1188 backbones pass

ProteinMPNN
T=0.1, 8 seq/backbone

AF2 initial guess
pLDDT ≥ 70, RMSD ≤ 2 Å, ipSAE ≥ 0.8

199 designs pass

Specificity filter
ΔpAE_int_peptide (G12D vs WT) < -0.5

49 designs pass

AF3 docking + FastRelax
No minibinder MSA; Rosetta relax

Multi-metric filter **
Rosetta energetics, polar P5 contact, ipSAE

ProteinMPNN sequence redesign
Preserve interface; sub Cys

Reduce charge, hydrophobicity

R2 candidates — 15 designs
Structure and sequence quality verified

Experimental candidates

Figure 1. Human-directed binder design pipeline. Our frame-
work generated 15 high-confidence de novo minibinders to the
KRAS G12D pMHC complex within 2 rounds. To expedite the de-
sign process, we created a backbone geometry screen customized
for this target and calibrated with experimentally validated designs
from Liu et al. Additionally, we used AlphaFold3 to dock the
designed binders without any templating to validate successful
binding to the hotspot P5 G12D, binding energetics, contact scores,
and structural confidence. A subset of the sequences passing the
AlphaFold3 based filters underwent redesigns to improve down-
stream therapeutic developability properties.

with CPU and GPU access.

To circumvent tedious manual inspections and wasting com-
puting resources on poor backbones, careful research was
conducted to filter backbones by geometric alignment with
the peptide target and similarity with the authors’ successful
designs (secondary structure and radius of gyration) (More
details in Appendix B). Among these, Claude suggested us-
ing the fraction of binder residues in proximity to the MHC
over those in proximity to the peptide. While this makes
intuitive sense, it practically removed promising backbones.
Early human intervention avoided filtering out positive de-
signs.

Round 1 produced only 2 designs with iPAE < 5 from 310
geometrically filtered backbones. Most designs also have
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poly-Alanines, indicating low confidence in the backbones.
This motivated Round 2 partial diffusion (partial t 12–25)
from 25 surviving backbones with a less stringent threshold
(iPAE < 10). This generated 199 designs passing all Al-
phaFold2 initial guess filters, of which 49 passed the primary
specificity filter of ∆ pAE int peptide < -0.5, iPAE of each
design against G12D (on-target) and G12 WT (off-target)
peptides; we note this threshold has not been independently
calibrated for this specific peptide pair and experimental
validation is required to assess its discriminative power.

4.2. Final Design Candidates

Upon evaluation with AlphaFold3-based metrics (Ap-
pendix C), 15 designs have appropriate energetics, specific
polar interactions and overall high CMS score with the pep-
tide P5 G12D, despite higher number of buried unsaturated
hydrogen bonds and higher fraction of exposed hydropho-
bicity, as expected (Section 3.1, Figure A.1, Figure A.2).

These passing designs cluster around the binder 255 scaf-
fold lineages, with highly promising candidates from
binder 34 and binder 252, containing 91 or 95 residues,
helix dominant topologies (3 helices) arcing above the pep-
tide groove, and net charge -10–+2 (Table 1). Contact map
analysis shows that they all carry 1–2 Arg or Lys making a
hydrogen bond or salt bridge to the p5 Asp of KRAS G12D,
indicating good specificity for G12D over wild-type KRAS
peptide (Figure 3).

FastRelax of the these designs yields dG separated -52.9 to
-67.6 REU (more negative indicates lower Rosetta interface
energy), packstat 0.53–0.65 (higher indicates better interface
packing quality), dSASA int 2014–2858 Å² (higher indi-
cates larger total buried interface area), delta unsatHbonds
2–16 (lower indicates fewer unsatisfied buried hydrogen
bonds, which is better), and CMS hotspot score 28–62
Å² (higher values indicates tighter geometric complemen-
tarity to the key specificity residue). All except for net
charges and presence of 1 cysteine in some designs compare
favorably with validated successful designs (Table 1,Fig-
ure A.1,Figure A.2). The issues with net charges and cys-
teine presence can be easily fixed with ProteinMPNN re-
design while keeping the non-Cys interface residues fixed.

4.3. Results

Scale of screening Across 2 rounds, 10,500 backbone
trajectories and 84,000 backbone–sequence pairs were eval-
uated to yield 15 specific candidates—a ratio of 5,600 com-
putational designs per passing candidate, consistent with
published campaigns (Overath et al., 2025; Liu et al., 2025).
Due to target-specific research and benchmarking, it took
several weeks and many CPU and GPU resources to com-
plete the designs.

LLM-assisted programming accelerates the design pro-
cess but lacks scalability Environmental setup used to be a
major bottleneck in pre-LLM period, given missing YAML
files and differences in computing systems. With LLM assis-
tance, human researchers can quickly gather relevant infor-
mation to install new tools and patch environmental issues.
Researchers’ domain expertise helps spot hallucination and
improper result interpretations by the LLM. However, given
the large number of decisions and multiple screening rounds
of many candidates, it can get overwhelming to remem-
ber why each decision is made, especially when designing
binders across very different targets.

5. Agentic Design
5.1. Overview of Pipeline

Round 1 Round 2 — partial diffusion

Target: 9UV8
HLA-A*11:01 + KRAS G12D peptide

Hotspot selection
P1, P4, P5 (G12D), P7 upward-facing

RFdiffusion
500 backbones, 70–80 aa

Backbone geometry screen
Cβ–Cβ to P5: 8.0–8.8 Å window

ProteinMPNN
T=0.1 (8 seq) + T=0.3 (16 seq)

G12D specificity screen
G12D spec vs WT; top candidates

AF2 initial guess
pLDDT_binder, pAE_int, RMSD

Dual filter
pLDDT ≥ 67 AND spec ≥ +0.025

R1 candidates — 9 designs
binder_7, 17, 86, 93 backbones

Seed selection — 4 designs
binder_7×2, binder_17, binder_93

seeds RFdiffusion — partial diffusion
partial_T=20, 200/seed → 800 total

Backbone geometry screen
P5 Cβ–Cβ < 9.5 Å pass

ProteinMPNN
T=0.1, 8 seq/backbone

G12D specificity screen
Top 40/seed by spec score

AF2 initial guess
Single-sequence; pLDDT + pAE + RMSD

Dual filter
pLDDT ≥ 67 AND spec ≥ +0.025

R2 candidates — 41 designs
Best pLDDT 78.0, spec +0.189

Experimental candidates

Legend

Computational method

Filter / screen

Pass/fail gate

Candidate pool

Output

Figure 2. Agentic binder design pipeline. Summary of the design
pipeline written by the agent. While the major steps match the
paper provided in the prompt (Liu et al., 2025), the choice of
evaluations and all executive decisions came from the agent.

5.1.1. ROUND 1

An LLM agent (Claude Sonnet 4.6, Anthropic) in the Claude
Code harness (v2.1.132) was provided a detailed prompt
instructing it to design a minibinder to pMHC presenting the
KRAS G12D peptide (Appendix D.1). The agent was also
provided a pdf of the relevant paper (Liu et al., 2025), its
supplementary materials, and a relevant PDB template (Zhu

4



220
221
222
223
224
225
226
227
228
229
230
231
232
233
234
235
236
237
238
239
240
241
242
243
244
245
246
247
248
249
250
251
252
253
254
255
256
257
258
259
260
261
262
263
264
265
266
267
268
269
270
271
272
273
274

de novo KRAS minibinder design

et al., 2025), and AlphaFold 3-no-MSA predicted pMHC-
binder complexes for the published minibinders. Given
these inputs, the agent autonomously read the paper, in-
stalled relevant tools (RFdiffusion (Watson et al., 2023), Pro-
teinMPNN (Dauparas et al., 2022), and ColabFold (Mirdita
et al., 2022)), wrote scripts to run the tools, and managed
their execution (Figure 2).

Three main tasks were performed in Round 1:

• 500 RFdiffusion backbone samples with peptide
hotspot conditioning

• ProteinMPNN sequence design on each backbone

• AlphaFold2 initial guess for structure prediction and
filtering

Three manual interventions were needed:

• A nudge to follow RFdiffusion’s installation instruc-
tions from its README, as the agent was encountering
errors creating an incorrect environment.

• A cleanup of hanging background shells.

• An instruction to run AF2 on the remaining RFdiffu-
sion designs 93-500 – the agent had stopped folding
designs after encountering errors. The agent chose to
run AF2 only on 10 designs with highest predicted
specificity for G12D, increased to 80 on further nudg-
ing.

5.1.2. ROUND 2

After Round 1 was complete, the agent was prompted to run
Round 2, consisting of partial diffusion and sequence gener-
ation (Appendix D.2). The agent applied partial diffusion
(partial T=20) from four Round 1 seeds, followed by geom-
etry filtering, ProteinMPNN redesign, and AF2 initial-guess
evaluation on the top 40 designs per seed.

5.1.3. COMPUTATIONAL COST

The two agentic rounds completed in about 1.5 days, with
a token cost of $85.57. Together with cost of the GPU
server (a single cloud-hosted Nvidia RTX 5090), the total
computational cost was roughly $100.

5.1.4. OPENAI CODEX

We also attempted the same Round 1 prompt using Ope-
nAI’s Codex agent (GPT-5.5). However, the agent stopped
at requesting AF3 structures for the already-provided struc-
tures from the paper. After a nudge to continue without AF3
structures, it opted to download and run Boltz-2. However,
at this point, the agent ran out of tokens. It is likely that this

model is capable of running the same tools, but it would
need a different prompt or harness to help minimize human
intervention.

5.2. Final Design Candidates

Round 1 generated 500 backbones, of which 250 passed
a P5 proximity screen (minimum Cβ distance < 9.5 Å).
Approximately 2,576 designed sequences were scored for
binding specificity; the agent-defined “specificity score”
was the change in ProteinMPNN likelihood of the binder
given the variant peptide versus the wild-type peptide. Only
4 backbones (binder 7, binder 17, binder 86, binder 93)
yielded AF2-predicted pMHC interfaces (pLDDT ≥ 67,
pAE interaction below the 31.5 “no contact” floor); the
remaining backbones uniformly showed no interface sig-
nal despite passing geometry. From these 4 backbones the
agent identified 9 experimental candidates (pLDDT 67–75,
specificity score +0.037–+0.112).

Round 2 partial diffusion from the 4 seeds produced 800
backbones, 634 passing the geometry screen. Evaluating
160 designs (top 40 per seed by specificity), 41 passed
combined filters (pLDDT ≥ 67, specificity ≥ 0.025). Se-
quences were 32–68% identical to Round 1. Round 2 im-
proved on Round 1: best pLDDT rose from 75.0 to 77.96
(binder 22 s4, seed b7 t03 s7), best specificity from +0.112
to +0.189 (binder 160 s5, seed b7 t03 s2), and binder 68 s1
(seed b17 s1) reached RMSD = 2.0 Å to its design model.
However, these features rarely co-occurred: only 1 design
passed the pLDDT ≥ 70 and RMSD ≤ 2.0 Å filters.

5.3. Results

Human review of the agent’s analysis scripts, decisionmak-
ing log, and results revealed several critical issues. A full
review is in Appendix E. Overall, the agent was able to set
up the tools and largely correctly use the tools. In the case
where the agent mixed up the protein chain order input in
partial diffusion, it was able to realize the lack of change
in generated backbones and fix the problem without human
intervention.

Innovative ways to screen designs before compute-heavy
steps After ProteinMPNN sequence generation, instead
of proceeding with the relatively long AlphaFold 2 initial
guess to fold the designs, the agent used ESMFold to calcu-
late binder pLDDT, which is fast and performs better than
AlphaFold2 on α helix dominated miniproteins (Hýsková
et al., 2026). To efficiently predict binders’ preference for
the G12D variant, the agent devised a ProteinMPNN-based
“specificity score”. Rather than computing the dssp, which
requires protein folding, the agent used rough estimates
based on amino acid (helix formers and strand formers),
and computed aromatic contents (beneficial to hydrophobic
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packing), and alanine fractions. However, it still could not
control the high alanine fractions.

Incorrect wild-type KRAS sequence The wildtype
KRAS residue at codon 12 is Glycine (G), not Valine or
Cysteine, which are two other common cancer-driving mu-
tations, and the correct sequence was present in the input
files, yet the agent used the wrong residue in both the iPAE
off-target comparison and the ProteinMPNN log-likelihood
scoring across multiple scripts. Providing the pdb structure
of the wildtype KRAS pMHC (e.g., 8I5E) in the prompt
may mitigate this problem.

Suboptimal hotspot residue choice The agent in-
cluded C5 (Aspartic acid (D), polar) as an RFdiffusion
hotspot, even though RFdiffusion’s documentation explic-
itly discourages polar hotspots, and Liu et al. (2025), the
paper provided to the agent, demonstrated that G12D should
be targeted with hotspot residues adjacent to C5. In addition,
the agent targeted both terminal anchor residues C1 and C7
as hotspots, constraining the geometric search space against
the bent peptide conformation. Adding instructions to read
the README page of the RFdiffusion repository may solve
the first problem, while the second problem comes from lack
of familiarity with pMHC structures and protein design.

Implausible sequences and structures All of the gen-
erated minibinders contained long stretches of Alanine (A).
While this also occurred in the human Round 1, it was
corrected in human Round 2 by partial diffusion and resam-
pling, but the agentic Round 2 did not fix the issue. Also,
only 4 of 500 Round 1 backbones folded satisfactorily under
AlphaFold2, yet even with this filtering, the structure quality
of the selected samples was poor (Table 1) and in some
cases there was no contact between the minibinder and the
peptide (Figure 3B).

6. Comparison of Final Design Candidates
We observe very different characteristics between designs
by the agents (n=41 designs from n=39 backbones) and by
the humans (n=15 designs from n=12 backbones) and au-
thors (n=18 designs) (Table 1). Both humans’ and authors’
designs have high pLDDT (local structural confidence), low
binder aligned RMSD (indicating high similarity to the back-
bones), low iPAE or high ipSAE (good interface), a tight
range of radius of gyration (indicating there is an ideal range
of protein structural compactness), and low lateral distance
between the center of mass of binder and that of the peptide.
The converse is true for the agent’s designs, meaning that
human’s designs are more likely to bind than the agent’s
designs. Notably, while the humans and authors’ designs all
have at least 3 α helices, 33/41 agents’ designs have only 1
or 2 α helices, and all 3-α-helix designs have very different

Figure 3. Predicted structures of binding complexes. HLA-
A*11:01 α1 and α2 domains in complex with KRAS G12D 9-mer
peptide (VVGADGVGK) and designed minibinders. A) Human-
designed minibinder 34 and B) Agent-designed binder 68. Inset
shows peptide and any polar contacts with the minibinder.

lengths, leading to poor packing and suboptimal contacts
with the target. The vertical distance between authors’ and
agents’ designs to target peptide are comparable, while the
human’s designs are vertically further from the target.

7. Discussion
Despite growing interest in LLM agents for scientific re-
search, no published benchmark has systematically com-
pared agent-directed and human-directed campaigns on the
generative protein binder design task. Existing evaluations
fall into two categories that each capture only part of the
problem. Crowdsourced human competitions (Cotet et al.,
2025; Kosonocky et al., 2026), experimentally validating
designs from over human submissions, provide ground-
truth experimental benchmarks for computational methods
but involve human designers throughout, not autonomous
agents. Agent-focused benchmarks, conversely, have eval-
uated LLM agents on protein engineering prediction tasks
(fitness scoring, sequence classification) rather than on end-
to-end generative pipelines (Miller et al., 2025). So far,
LLM agents underperformed human baselines on biomedi-
cal ML workflows, with no consistent advantage for domain-
specialized over generalist agents (Miller et al., 2025; Phylo,
2026). The most proximate precedent is ProteinMCP, which
demonstrated that an LLM agent can autonomously orches-
trate de novo protein design but without benchmarking
candidate quality or experimental hit rates against human-
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Table 1. Structural and quality metrics across three design cohorts. Author: 18 published designs from Liu et al. (2025). Human R2:
15 designs from Round 2 of the human-led pipeline (subset with AF2 binder RMSD available). Agent V1: 52 designs from the first agentic
round. Continuous metrics shown as min–max (median). n helix segs breakdown shows counts at 0/1/2/3/. . . helix segments. iPAE:
AF2 initial-guess pAE interaction. ipSAE: AF3 ipSAE binder–peptide. *AF2 monomer pLDDT. **AF2 initial-guess complex binder
pLDDT. §Per Liu et al. (2025); all crystal structures confirmed RMSD < 2 Å.

Detailed descriptions of these metrics are in B and C

Metric Author (n = 18) Human R2 (n = 15) Agent R2 (n = 41)

binder plddt ↑ 86.9–97.3 (95.4) * 87.2–96.7 (95.1) * 47.9–78.0 (70.8) **

binder rmsd (Å) ↓ < 2 § 0.4–1.1 (0.6) 3.8–60.9 (22.9)

iPAE ↓ < 5 3.7–5.7 (4.9) 31.5–31.7 (31.6)

ipSAE ↑ 0.86–0.97 (0.94) 0.80–0.94 (0.86) N/A

rg (Å) 11.6–14.9 (14.2) 14.7–15.2 (14.9) 17.5–34.1 (18.5)

n helix segs 0/0/6/12 0/0/15/0 5/28/8/0
(#designs at 1/2/. . . helices)

lateral dist (Å) ↓ 1.0–13.2 (4.9) 5.2–12.4 (10.8) 11.4–27.0 (21.9)

vertical dist (Å) ↓ 2.0–12.6 (10.6) 12.2–14.4 (13.5) 1.2–12.0 (4.7)

directed campaigns (Xu et al., 2026). To our knowledge, the
present work is the first to hold target, evaluation criteria,
and pipeline constant while varying the degree of human
versus agent control—providing a direct, if preliminary,
comparison on a therapeutically relevant generative design
task.

We show that Claude Code, a popular agentic tool in soft-
ware engineering, can rapidly and cheaply conduct an in
silico protein binder design campaign. The level of hu-
man interaction required was low, but not zero. However,
the resulting sequences are of much lower quality than a
comparable human-directed campaign. While Claude Code
is capable of using protein design software, it lacks “bi-
ological intuition” to recognize when the outputs do not
make sense. We expect that specific training of frontier lan-
guage models on biological tasks (Claude for Life Sciences,
GPT-Rosalind) will improve built-in biological intuition and
therefore performance at this task.

8. Future Directions
We have several ideas to increase the success rate, scope,
and autonomy of our agentic workflow:

Reducing bias towards specific methods Our prompt
was fairly specific and structured, including a highly relevant
example paper with approaches to mimic. If we made the
prompt more minimal, it might allow the agent to explore
novel approaches. The caveat to this freedom is that the
model is likely to fall back on its preferred tools—those
well-represented in its training set. To increase the diversity
of approaches, explicitly asking for new ideas in a separate
planning stage may help.

Multi-agent task management We expect
harness developments such as multi-agent
orchestrator-implementor-evaluator patterns to im-
prove long-running task management https:
//www.anthropic.com/engineering/
harness-design-long-running-apps. These
can be incorporated into future prompts.

Aligning the agent with our expectations While Claude
is natively able to run tools like RFdiffusion and Protein-
MPNN, skill development may help align the model’s goals
with our expectations. The grill-me skill and other interac-
tive planning skills would be particularly useful in identify-
ing knowledge gaps and assumptions between the prompter
and the agent before the agentic process begins. However,
to be successful, this approach still depends on the agent
knowing what it does not know, which requires built-in
experience and intuition using protein design tools.

Software and Data
The human design scripts are deposited online at https:
//codeberg.org/icml-submission-wb9kc/
pmhc_binder_design_human. The agentic scripts
and design log are at https://codeberg.org/
icml-submission-wb9kc/pmhc_binder_
design_claude.

Impact Statement
This paper presents work whose goal is to advance the fields
of Machine Learning and Biology. There are many potential
societal consequences of our work, none which we feel must
be specifically highlighted here.
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A., Potapenko, A., Bridgland, A., Meyer, C., Kohl, S.
A. A., Ballard, A. J., Cowie, A., Romera-Paredes, B.,
Nikolov, S., Jain, R., Adler, J., Back, T., Petersen, S.,
Reiman, D., Clancy, E., Zielinski, M., Steinegger, M.,
Pacholska, M., Berghammer, T., Bodenstein, S., Sil-
ver, D., Vinyals, O., Senior, A. W., Kavukcuoglu, K.,
Kohli, P., and Hassabis, D. Highly accurate protein struc-
ture prediction with AlphaFold. Nature, 596(7873):583–
589, August 2021. ISSN 1476-4687. doi: 10.1038/
s41586-021-03819-2. URL https://www.nature.
com/articles/s41586-021-03819-2. Pub-
lisher: Nature Publishing Group.

Kosonocky, C. W., Abel, A. M., Feller, A. L., Rieffer, A.
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Kenlay, H., Vlachynská, M., Bridgland, A., Grishin, I.,
Over, S., Li, D., Li, B., Crabbé, J., Hilmkil, A., Nelson,
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A. Comparison of published and human-designed minibinders

Figure A.1. CMS scores comparison. Comparison of contact molecular surface (CMS) scores (Cao et al., 2022) between A) published
minibinders (Liu et al., 2025) and B) human-designed minibinders, at each position in the HLA-displayed peptide (x), for each minibinder
(y).
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Figure A.2. H-bonds and hydrophobicity comparison. Comparison of hydrogen bonding and exposed hydrophobic residues between A)
published minibinders (Liu et al., 2025) and B) human-designed minibinders. ∆Unsatisfied H-bonds: difference in number of potential
hydrogen bond donors or acceptor atoms without a partner between the bound complex and unbound subunits (lower is better). Buried
unsatisfied H-bonds: number of H-bonding atoms buried in the core with an insufficient number of H-bonds (lower is better). Fraction
exposed hydrophobic: fraction of hydrophobic residues exposed on the solvent-accessible surface (lower is better).

B. Backbone geometry screen criteria
Residue count (60–100), helix segment count (≥2 by DSSP), radius of gyration within 13-23, no Cα clashes, high peptide
contacts, and SVD-based orientation aligned to the MHC-I groove.

• Secondary structure (≥2 alpha helices)

• Radius of gyration (13-23)

• No clashes (≥4.0 Å)

13



715
716
717
718
719
720
721
722
723
724
725
726
727
728
729
730
731
732
733
734
735
736
737
738
739
740
741
742
743
744
745
746
747
748
749
750
751
752
753
754
755
756
757
758
759
760
761
762
763
764
765
766
767
768
769

de novo KRAS minibinder design

• Peptide contact C alpha <8.0 Å for P5 (G12D)

• backbone principle axis and peptide principle axis ≤ 35 degree

• displacement of the binder COM relative to the peptide COM (max lateral distance ≤ 15 Å)

C. AlphaFold3-based multi-metric filtering
Hard filters (any failure = 1 hard flag):

• dG separated < -50 REU

• dG separated/dSASAx100 > -2.3

• dSASA int < 2000 Å2

• hbonds int / nres int < 0.07

• delta unsatHbonds / nres int > 0.20 (calibrated to authors: 4/18 hit > 0.15, max author = 0.20 for yfv-2)

• surface hydrophobicity > 0.60 (hard; 0.35 = BindCraft soft thresh)

• interface n K > 3

• ipsae binder peptide < 0.80

Soft flags (reported but do not count toward hard flag total):

• sc value < 0.55

• packstat < 0.55

• buns delta unsat ≥ 4 (soft: 7/18 validated authors hit this)

• binder aligned rmsd > 1.0 (flag for structural inspection)

Specificity signal (reported separately, used for tiering):

• n saltbridge hotspot p5 ≥ 1 (R/K contacting G12D neoepitope)

• cms hotspot p5 ≥ 25 (CMS at p5)

• n contacts hotspot p5 polar ≥ 1

Tiering (after hard flags counted):

• Tier 1: 0 hard flags + salt bridge or hbond at p5

• Tier 2: 0 hard flags, no salt bridge or hbond at p5 (sorted by cms hotspot p5)

• Redesign candidate: 1 hard flag (hydrophobicity only) + salt bridge/hbond at p5 + CMS score ≥ 25

• Soft flag only: 1 hard flag (non-hydrophobicity), or soft flags only

• Deprioritize: 2+ hard flags

• Exclude: 4+ hard flags

Contact map analysis (addition beyond Liu et al.): We compute three contact types between binder and peptide: all-atom
contacts < 4.0 Å; polar hydrogen-bond geometry (donor–acceptor < 4.0 Å, D–H···A angle ≥ 120°, D···A < 3.5 Å); and
hydrophobic contacts < 4.0 Å.
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D. Agent Prompts
D.1. Minibinder design round 1
You are a computational protein design scientist who wants to design miniprotein binders

to pMHC presenting the KRAS G12D peptide. All relevant info is in ./pmhc_design folder,
including:

- PDB file of the target: pmhc_design/input/9UV8.pdb

See this paper for details on a relevant approach:
- pdf: pmhc_design/science.adv0185.pdf
- supplements: pmhc_design/science.adv0185_sm.pdf
- Additional: pmhc_design/science.adv0185.pdf
- Experimentally validated designs:

- sequences: pmhc_design/paper_output/science.adv0185_data_s1.xlsx
- AF3 predicted structures of the binders with the targeted peptide MHC complex (no MSA

for the designed binders): pmhc_design/paper_output/af3_nomsa
- Experimentally determined structures: pmhc_design/paper_output/mmdb_9O5S.pdb

Designs will be tested for these features:
- Folding confidence
- RMSD between the backbone and the actual binder from the predicted structure after

alignment
- Net charge
- Secondary structure (percentage of residues in alpha helices, beta sheets, loops)
- CMS scores for the 5th peptide of KRAS G12D
- Number of hydrophobic and polar interactions between the binder and the peptide (

interface)
- ipSAE between the peptide and the binder
- Energetics calculated after FastRelax
- Shape complementarity and packstat between the binder and the target
- Number of unsaturated hydrogen bonds at the interface
- Number of buried unsaturated hydrogen bonds within the complex
- Number of lysines and methionines at the binding interface
- Fraction of exposed hydrophobic residues
- Presence of poly alanines
However, you do not need to run all of these metrics.

You have access to a RTX 5090 on this system. You may install and run standard protein
design models, such as RFdiffusion, ProteinMPNN, ESM, AlphaFold 2 monomer, AlphaFold 2
initial guess, and generate input to run AlphaFold 3 on the web server (limited to 30
jobs per day). A conda virtual environment is available at /venv/main, with pytorch
cuda 13.0 installed. You may install standard python packages to that virtual
environment as needed.

I have created an git repo at ./pmhc_design. Add any scripts, code, and analyses you need
to run. You may commit to it as needed.

Keep a log of your design process, including any decisions made given intermediate results.

D.2. Minibinder design round 2
Perform partial diffusion (check the pmhc_design/science.adv0185_sm.pdf for details) on

the top-ranking few designs and redo the sequence generation and downstream
evaluations in the paper. At the end, compare generated sequences with round 1.
Designs will be tested for these features:

- Folding confidence
- RMSD between the backbone and the actual binder from the predicted structure after

alignment
- Net charge
- Secondary structure (percentage of residues in alpha helices, beta sheets, loops)
- CMS scores for the 5th peptide of KRAS G12D
- Number of hydrophobic and polar interactions between the binder and the peptide (

interface)
- ipSAE between the peptide and the binder
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- Energetics calculated after FastRelax
- Shape complementarity and packstat between the binder and the target
- Number of unsaturated hydrogen bonds at the interface
- Number of buried unsaturated hydrogen bonds within the complex
- Number of lysines and methionines at the binding interface
- Fraction of exposed hydrophobic residues
- Presence of poly alanines
However, you do not need to run all of these metrics.

E. Human review of agent results
RFdiffusion The hotspot selection is suboptimal, as RFdiffusion struggles to target polar residues effectively, yet C5
(the G12D mutation site) was included as a hotspot. Additionally, including both C1 and C7 as hotspots makes the design
significantly harder to succeed, given the bent structure described in the Nature Communications paper associated with the
uploaded 9UV8.pdb. The input structure was also not truncated, which unnecessarily consumes computing resources since
chain B for the beta globulin is not required.

ProteinMPNN No constraints were applied to the charges or types of residues, and there were no considerations made to
preserve the interface residues. The run temperature was set to 0.1, but also 0.3, which may be too high for early design
rounds.

AF2 Screening (no initial guess) ColabFold was used for screening. Designs were screened using ESMFold pLDDT and
ProteinMPNN scores, selecting the top 5. However, early rounds require a much larger number of designs, as the scores are
not particularly discriminatory when all designs perform poorly in the first round. The approaches are smart but need to be
applied to more designs.

AF2 Prediction (pMHC fold and initial guess) The iPAE calculation uses the wrong wild-type amino acid: it should be
G, not C. The initial guess also used a different model, alphafold2 multimer v3, though the MSA mode is correct.

Score Specificity (first pass) A new per-residue score based on Kyte-Doolittle hydrophobicity was introduced, which
could be useful for building a loss function. Rather than instructing ProteinMPNN to omit certain amino acids as in
BindCraft, it would be more useful to focus on surface hydrophobicity instead. The wild-type residue for KRAS was
incorrect: it should be G, but V was used. For sequence properties, rather than computing DSSP, rough estimates based on
amino acid propensities (helix formers, strand formers) should be used, along with aromatic content and alanine fractions.
The ProteinMPNN log likelihood metric is, in practice, not particularly useful when we have backbones at different lengths.
It is, however, very useful to rank the sequences after we narrow down to promising backbones. Contact scoring between
the peptide and binder was computed based on C-alphas, which is acceptable for early rounds, but later analyses will need to
account for amino acid type and contact type, distinguishing polar from hydrophobic contacts.

Score Backbones Backbone scoring should be performed immediately after backbone generation. The number of peptide
contacts based on C-beta is a good metric, as is the focus on residues C4, C5, and C7. Hotspot coverage is a reasonable
approach, though the hotspot selection itself is poor. The pep frac vs. mhc frac metric is good, and requiring a polar residue
at C5 is the correct consideration.

Score Specificity (second pass) It is unclear how this script differs from 05 score specificity.py. The wrong
wild-type residue for the peptide was used again.

Partial Diffusion Following instructions from the human, the run started with 4 backbones, which should be evaluated.
Hotspots were included for partial diffusion and should also be used in the human version. Diffusion was run for 20 steps,
which may be too many — the output needs to be checked.

Analyze Designs Rosetta was not accessible, which should be remedied by providing access. Lysine (K) and methionine
(M) counts were calculated together rather than separately. Exposed hydrophobicity could not be calculated without Rosetta.
For ipSAE, a distance cutoff should be applied. The analysis of interaction modes between the binder and the target is good.
The wild-type pMHC complex PDB should have been provided from the outset.
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Summary The agents should be prompted to consult the README of the relevant repositories. The RFdiffusion
README explicitly advises against using polar residues as hotspots, and this reflects a gap in practical knowledge that can
nonetheless be bridged easily. Insufficient context and tools were provided: Rosetta was not accessible, the wild-type PDB
was not supplied, and the agents were not instructed to use evaluation metrics such as net charge and surface hydrophobicity
to iteratively improve designs. On the positive side, the overall process was very fast and cost-effective, making it well-suited
for exploring a wide range of ideas, and the use of ESMFold and ColabFold was an innovative choice. A major recurring
error was the use of the wrong wild-type residue for KRAS on multiple occasions, pointing to a gap in biological knowledge.
Overall, this is a solid start, and with greater human input and guidance, the workflow has strong potential.

17


