
Published at the GEM workshop, ICLR 2026

AF3DESIGN: SELECTIVITY-AWARE NANOBODY DE-
SIGN WITH ALPHAFOLD3

Robin Pan1∗ Anisha Parsan2∗ Caroline Uhler2,3 Wengong Jin3,4†
1 John A. Paulson School of Engineering and Applied Sciences, Harvard University
2 Department of Electrical Engineering and Computer Science, Massachusetts Institute of Technology
3 Broad Institute of MIT and Harvard
4 Khoury College of Computer Sciences, Northeastern University

ABSTRACT

Designing antibodies that discriminate between highly similar targets represents
a fundamental challenge in computational protein engineering, particularly for
T cell receptor-like (TCR-like) nanobodies targeting peptide-MHC complexes.
We present AF3Design, the first computational framework for nanobody design
that integrates binding selectivity directly into the optimization process rather
than relying on post-hoc filtering. Our approach leverages AlphaFold3’s struc-
ture prediction capabilities through a gradient-free genetic algorithm, optimizing
a composite fitness function with explicit off-target penalties. These terms in-
clude contact-based rewards for discriminating residues and ∆∆G-based differ-
ential binding predictions. We validate our method on the challenging task of
designing nanobodies against peptide-MHC complexes that differ by as little as a
single residue. AF3Design significantly improves peptide-facing interface confi-
dence over baselines and enriches binders that preferentially contact the discrim-
inating peptide residue(s), with further ∆∆G gains after staged activation. Our
results show that optimizing selectivity during search yields highly discriminative
candidates suitable for precise molecular recognition.

1 INTRODUCTION

Therapeutic antibodies have transformed modern medicine, particularly in cancer immunother-
apy and the treatment of autoimmune diseases. Among therapeutic antibody formats, T-cell
receptor(TCR)-like nanobodies represent a clinically important yet exceptionally challenging class.
These T-cell receptors are in part characterized by hypervariable loops known as complementarity
determining regions (CDRs), which recognize intracellular peptides displayed in peptide-Major His-
tocompatibility Complex I (pMHC) complexes. TCRs possess high specificity (Du et al. (2025)),
and thus TCR-like nanobodies must achieve similar discrimination, distinguishing target from off-
target peptides that may differ by as little as a single amino acid to avoid autoimmune toxicity.

Current approaches to protein binder design generally fall under two main paradigms. Genera-
tive methods such as RFDiffusion and BoltzGen employ diffusion or flow-based models to gener-
ate structures in a single forward pass, followed by post-hoc filtering (Watson et al. (2023), Stark
et al. (2025)). Alternatively, hallucination based methods like BindCraft and Germinal directly opti-
mize design objectives through iterative refinement, using structure prediction models as oracles to
guide the design process (Pacesa et al. (2025), Mille-Fragoso et al. (2025)). While these paradigms
have demonstrated initial success, two critical gaps remain. First, existing methods address binding
specificity primarily through post-hoc filtering rather than direct optimization, yielding suboptimal
selectivity. Second, no current methods leverage AlphaFold3, which achieves superior antibody
structure prediction and confidence metrics (Peng et al. (2025), Hitawala & Gray (2024)), but whose
diffusion-based architecture makes gradient-based optimization computationally intractable.

We present AF3Design, a computational framework for nanobody design through gradient-free evo-
lutionary search with integrated selectivity optimization. Our method utilizes a composite fitness
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function derived from AlphaFold3 confidence metrics without requiring backprop. Critically, we in-
corporate binding selectivity directly into the optimization loop through two mechanisms: contact-
based rewards and ∆∆G-based differential binding predictions. Across KRAS, p53, and WT1
pMHC targets, AF3Design substantially improves peptide-facing interface confidence over baseline
and enriches binders that preferentially contact the discriminating residue(s), demonstrating that
optimizing selectivity during search can achieve single-residue-level discrimination.

2 METHODS

We design TCR-like nanobodies for pMHC targets under a fixed binder–peptide–MHC template,
optimizing amino acid identities over a design mask D (e.g., CDR1–3) while holding the nanobody
framework, peptide, and HLA sequence fixed. We consider a target peptide and a closely related
off-target peptide differing by as little as one substitution, and seek binders that (i) form confident
peptide-facing interfaces and (ii) avoid peptide-independent contacts on non-canonical MHC sur-
faces.

AF3DESIGN performs black-box optimization over discrete sequences with AlphaFold3 (AF3) as
a structure-and-metrics oracle. Each candidate sequence is predicted in the context of the full com-
plex, evaluated by a forward pass through AF3, and assigned a composite fitness score that jointly re-
wards fold/interface confidence and selectivity. Selectivity is optimized during search using contact-
based terms and a staged ∆∆G discrimination term.

2.1 GRADIENT-FREE EVOLUTIONARY OPTIMIZATION WITH AF3

Our genetic algorithm maintains a population of P candidate sequences and iteratively refines them
over T generations. At initialization, residues in D are sampled uniformly from the 19 allowed
amino acids (excluding Cys). Each generation selects high-fitness parents, applies mutation and
single-point crossover within the span of D which generates chimeric offspring with complementary
subsequences. Offspring are evaluated with AF3, and the top-K sequences from the combined pool
are retained for the next generation. See A.1 for the full algorithm.
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Figure 1: AF3Design Framework. AF3Design optimizes nanobody sequences through gradient-
free evolutionary search. CDR residues are initialized randomly, then iteratively refined over T
generations using mutation and crossover. Candidates are evaluated via AlphaFold3, scoring fold
confidence, contact geometry, and predicted ∆∆G. Top-k selection retains high-fitness sequences
for the next generation.

2.2 MULTI-OBJECTIVE FITNESS SCORING

We assign each candidate sequence s a scalar fitness F (s) that combines fold quality, interface
confidence, and geometry-level selectivity terms derived from AF3 outputs. We use a weighted
sum:

Ft(s) =
∑
i

wi Li(s) + 1[t ≥ tddG] wddG LddG(s). (1)

All terms are computed from a single AF3 forward pass, except the staged ∆∆G term (Section 2.2).
Weights and full definitions are in Table 1 and A.2.
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Fold and Interface Confidence. We include confidence-based proxies for plausible folds and
well-posed binder–peptide interfaces, such as CDR-restricted pLDDT, intra-chain pAE, and
nanobody–peptide interface pAE. We additionally include an interface-specific ipTM computed be-
tween the nanobody and peptide chains to avoid dilution from whole-complex metrics.

Geometry-Level Specificity To explicitly drive interactions with specificity-determining peptide
residues, we reward contact probability between CDR residues (design mask D) and a predefined set
of peptide target positions R. Crucially, R is the residues differing between on-target and off-target
peptide sequences. Adapted from Pacesa et al. (2025), contact probabilities are computed from
AF3 distograms by integrating probability mass below a distance cutoff. To discourage peptide-
independent docking and non-canonical binding on the membrane-proximal α3/β2m face, we addi-
tionaly penalize close contacts between CDR residues D and a predefined MHC avoidance set M .
We use a min-k aggregation to reward the strongest CDR–peptide contacts and a complementary
max aggregation to penalize the most confident off-target CDR–MHC interaction.

∆∆G-Based Energetic Specificity Geometry-level objectives encourage engagement with target
residues but do not directly penalize binding to off-target peptides. To encode explicit discrimina-
tion, we incorporate predicted binding free energy differences ∆∆G using BA-DDG, a pretrained
model that estimates changes in binding free energy upon mutation (Jiao et al. (2024)). For each
candidate nanobody, we compute the predicted ∆∆G between the target peptide and the off-target
peptide. Positive values indicate preferential binding to the target and are rewarded. We enable
∆∆G scoring only after tddG generations so early search prioritizes establishing plausible binding
modes, while later search applies energetic discrimination pressure once interfaces are structured.

3 EXPERIMENTS

Task. We evaluate AF3DESIGN on three therapeutically relevant pMHC targets from tumor-
associated antigens (TP53, KRAS, and WT1), each paired with an off-target peptide differing by 1–3
amino acids. We assess whether our method produces (i) well-formed nanobody–pMHC interfaces
and (ii) peptide-discriminative binders. We optimize using the multi-objective fitness described in
A.2 and instantiate designs using a fixed nanobody framework scaffold (A.4), designing only CDR
residues. Since strong candidates may appear transiently during exploration without surviving to the
final population, we output the top-n scoring unique sequences across the full evolutionary trajectory
rather than only the final generation.

Baseline. We compare against Germinal as a baseline because it is one of the few open-sourced
methods that (i) supports VHH/nanobody-constrained design and (ii) can operate on multi-chain
targets. Germinal includes intermediate filtering heuristics that can terminate trajectories early when
partial designs fail structural or interface criteria. With these default filters enabled, we observed no
successful trajectories under the default weights for our targets given the same compute budget as
AF3DESIGN; we therefore disable intermediate filtering. To budget-match across methods, we
run both Germinal and AF3DESIGN for N = 11, 000 total oracle calls, which corresponds to
approximately 100 independent trajectories per target in Germinal. We therefore retain the 100
final output structures of these trajectories produced by the Germinal pipeline.

3.1 DE NOVO NANOBODIES FORM CONFIDENT PMHC BINDING INTERFACES ACROSS
TARGETS

Figure 2 compares 100 designs from AF3DESIGN to the 100 designs output by Germinal across
all three targets. AF3DESIGN significantly improves interface confidence and binding geometry
metrics relative to Germinal on each pMHC system, including peptide-facing interface confidence
(peptide–binder ipTM, peptide–binder pAE), and CDR-restricted confidence (pLDDT). Specifically,
we achieve median peptide–binder ipTM values of 0.83, 0.60, and 0.79, representing 11×, 5×, and
10× improvements over the baseline. We additionally observe remarkably higher peptide-contact
density via CDR3–peptide contacts and improved P -dockQ trends, consistent with more confident,
well-packed interfaces. Specificity improvements are further reflected in the ∆∆G discrimination
objective. ∆∆G improves on 2 out of 3 targets, with absolute improvement of 1.49.
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3.2 AF3DESIGN OPTIMIZES SINGLE-RESIDUE DISCRIMINATION IN BINDING

We plot the ∆∆G predictions of the 100 highest-scoring designs before and after incorporating the
∆∆G prediction term into the objective function (Fig. 3B). Our specificity-aware objective function
effectively improves predicted ∆∆G values, though the extent of optimization varies by target.
Additional tuning of the specificity weight for individual targets may yield further improvements.
To validate design specificity, we quantified contacts to the residue(s) distinguishing on-target and
off-target peptides. Specific binders should preferentially contact these residues when bound to the
on-target peptide while making fewer or no contacts with the off-target peptide. Consistent with
this expectation, Fig. 3A reports a greater proportion of AF3DESIGN binders exhibit more on-target
than off-target contacts, whereas many of Germinal-designed binders make zero contacts with the
distinguishing residue(s).
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Figure 2: AF3DESIGN vs baseline performance on relevant in-silico metrics. For each target, we
compare distributions over 100 designs from each method, including VHH-peptide ipTM, ipLDDT,
ipAE, pDockQ, and the number of contacts between CDR3 residues and the peptide.
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Figure 3: (A) Sequences with more / equal / fewer contacts
to the mutating peptide residue(s) in the on-target complex
compared to the off-target complex. Only sequences with
≥1 contact are visualized. (B) ∆∆G values for the top-
100 designs at the final pre-activation iteration versus after
∆∆G loss is enabled.

Figure 4 depicts AlphaFold3-
predicted structures of selected
AF3DESIGN nanobodies bound to
KRAS, p53, and WT1 pMHC com-
plexes. These structures illustrate the
specificity of our designs, showing
more contacts to on-target peptides
compared to highly similar off-target
candidates.

Across most designs, peptide con-
tacts are primarily mediated by
CDR3, a pattern also observed in nat-
ural T-cell receptors (Rudolph & Wil-
son (2002)). The CDR3 of most de-
signs comprises a small helix that
contacts the MHC peptide groove and
unstructured loops that contact the
peptide. We hypothesize this helix-
loop combination enables binders to
balance the conformational flexibil-

4



Published at the GEM workshop, ICLR 2026

ity that aids binding in natural TCRs
with the structural stability provided
by the helix, thereby reducing the cross-reactivity associated with highly flexible loops (Scott et al.
(2011)).

on-target: VVGADGVGK

KRAS-G12D P53-R175H WT1127-134

off-target: VVGAGGVGK off-target: HMTEVVRRC

on-target: HMTEVVRHC on-target: RMFPNAPYL

off-target: RLFPNLPEL

Figure 4: AlphaFold3-predicted structures of selected AF3Design binders Nanobody binders
are shown in light green with CDRs highlighted in dark green, MHC are teal, and peptides are pink.
Dashed yellow lines indicate predicted polar contacts. Designs are predicted to have preferential
contacts with on-target peptides compared to off-target peptides.

3.3 EVOLUTIONARY OPTIMIZATION EFFICIENTLY EXPLORES CDR SEQUENCE SPACE

To assess whether our genetic algorithm meaningfully improves binder quality (rather than trading
off desirable properties), we track key interface metrics across the evolutionary trajectory and ob-
serve a steady distributional shift toward higher-confidence binding over iterations. In Fig. 5A both
peptide-facing ipTM, VHH-peptide ipAE, and ∆∆G improve monotonically in the population, indi-
cating that selection pressure induced by our AF3-derived objective consistently enriches sequences
with desired nanobody–peptide interfaces. Moreover, the first emergence of top-scoring candidates
occurs predominantly at later generations Fig. 5B, suggesting that high-quality binders are discov-
ered through effective exploration and exploitation rather than being present at initialization.
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which each of the final top-100 scoring designs first appears during evolution.

4 CONCLUSION

We present AF3DESIGN, a specificity-aware framework that integrates selectivity directly into
gradient-free sequence optimization with AlphaFold3, enabling de-novo TCR-like nanobodies that
form confident peptide-facing interfaces while discriminating peptides differing by as little as a sin-
gle residue. Across KRAS, p53, and WT1, our evolutionary search yields large improvements in
interface confidence and peptide-contact geometry, and predicted binding energies. These results
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present several promising directions for future work. Although we tested alternative gradient-free
optimization approaches, we ultimately favored our implementation for computational efficiency;
given these promising results, we expect that adaptive re-weighting schedules or learned proposal
policies (RL- or bandit-guided mutations) could further improve exploration of the CDR sequence
space. Finally, because our objective is defined over discrete sequences and computed from inex-
pensive, precomputed signals, the framework can readily accommodate additional low-cost terms.
We note that these computational predictions must be validated experimentally, and we are actively
developing an in vitro testing campaign to assess binding and specificity.
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5 CODE AVAILABILITY

The code for AF3Design and documentation on how to design specifications for nanobody binder
design is available at https://github.com/aparsanMIT/AF3Design
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A APPENDIX

A.1 GENETIC ALGORITHM

Algorithm 1 AF3Design Evolutionary Optimization

Require: Design mask D, population P , generations T , mutation probability µ, crossover proba-
bility pc, activate ∆∆G at tddG

1: Initialize P0 = {sp}Pp=1 by sampling residues on D (exclude Cys); evaluate F (s) via AF3
2: for t = 1 . . . T do
3: P ← TopK(Pt−1); O ← ∅
4: for each p ∈ P do
5: O ← O ∪ {Mutate(p;D,µ)}
6: end for
7: Sample Nc = ⌊Kpc⌋ parent pairs (p1, p2) from P
8: for each pair (p1, p2) do
9: Sample breakpoint x uniformly within span(D); add Crossover(p1, p2;x) to O

10: end for
11: Subsample O to |O| = K; evaluate F (s) for all s ∈ O (include σ(∆∆G) if t ≥ tddG)
12: Pt ← TopK(P ∪O)
13: end for
14: return PT

A.2 SCORE FORMULATION

Notation and Origin Let A denote nanobody residues (chain A), D ⊂ A the design mask (CDR
positions), P peptide residues (chain B), T ⊂ P the discriminating peptide positions (e.g., the
mutated residue(s)), and M the MHC avoidance set (selected HLA residues to discourage non-
canonical contacts).

AlphaFold3 provides per-residue pLDDT, a pAE matrix pAEij (max 31 Å), and a distogram over
distance bins for each residue pair (i, j).

Contact probabilities from distograms. We follow Pacesa et al. (2025) and Cho et al. (2025) in
defining the probability of a contact within cutoff c for any residue pair (i, j) as

P (dij < c) =
∑
b: b<c

softmax(ℓij)b, (2)

where ℓij are the distogram logits and bins b correspond to distance intervals below c.
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Sparse aggregators. Given a multiset of values {xr}Rr=1 and an integer k:

min-k({xr}) =
1

k

∑
r∈Imin

k

xr, Imin
k = indices of the k smallest values, (3)

max-k({xr}) =
1

k

∑
r∈Imax

k

xr, Imax
k = indices of the k largest values. (4)

We use min-k to emphasize the strongest (most confident) desired contacts, and max-k to penalize
the worst (most confident) undesired contacts so single pathological interactions are not averaged
away.

Full Fitness Function and Weights For the experiments in this work, we maximize a scalar fit-
ness F (s) for candidate sequence s computed by the sum of the terms in 1 multiplied by their
respective weightages. The weights for a portion our score terms were based on the default weights
for analogous terms in Mille-Fragoso et al. (2025) in the VHH design pipeline. Further exploration
and tuning of weights may improve convergence.

Term Weight

ipTMA↔B +0.7
LpLDDT −1.0
Li-pLDDT −1.0
Li-pAE −0.5
LpAE-intra −0.1
Lcon-intra −0.1
LRg −0.1
Lparatope −0.2
Ltarget-contact −0.5
Lpeptide-contact −0.5
Lrepulsion −0.5
∆∆Gpred (if t ≥ tddG) +0.7

Table 1: Objective components and weights.

A.2.1 FOLD AND INTERFACE CONFIDENCE-RELATED SCORE TERMS

The AF3-derived scores described in A.2.1 are based on the AF2-derived analogs defined as ”losses”
in Pacesa et al. (2025) and Mille-Fragoso et al. (2025), though they differ in exact implementation
due to binning differences in AF3 and AF2.

Confidence & geometry losses. Let A be nanobody residues, B the peptide chain, D ⊆ A the
CDR/design mask, and P the peptide residue indices. Define normalized scores p̃i = pLDDTi/100
and ẽij = pAEij/31. Then:

LipTM = −ipTMA↔B , (5a)

Li-pLDDT = 1− 1

|D|
∑
i∈D

p̃i, LpLDDT = 1− 1

|A|
∑
i∈A

p̃i, (5b)

Li-pAE =
1

|D||P |
∑
i∈D

∑
j∈P

ẽij , LpAE-intra =
1

|A|2
∑
i,j∈A

ẽij . (5c)

Radius of gyration penalty. Let N = |A|, coordinates ri (Cα), and r̄ the centroid:

Rg =

√
1

N

∑
i∈A

∥ri − r̄∥2, (6)

Rexpected
g = 2.38 ·N0.365, (7)

LRg = ELU
(
Rg −Rexpected

g

)
, (8)
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Intra-chain contact loss. Using cutoff c = 14 Å and excluding near-diagonal pairs |i− j| ≤ 6:

Lcon-intra = min-k({− logP (dij < c) : i, j ∈ A, |i− j| > 6}) . (9)

Paratope loss. We use the same formulation as proposed in Mille-Fragoso et al. (2025). Let LCDR

and Lframework denote the CDR–epitope and framework–epitope contact losses, respectively; we
define

Lparatope =
L2
CDR

max(Lframework − λ, ϵ)
. (10)

A.2.2 SPECIFICITY-RELATED SCORE TERMS

Targeted discriminating-residue contact. With cutoff c = 8 Å and k1 = 2:

Ltarget-contact =
1

|T |
∑
t∈T

min-k1({− logP (dti < c) : i ∈ D}) . (11)

Full peptide contact. With cutoff c = 8 Å:

Lpeptide-contact =
1

|P |
∑
p∈P

min-k({− logP (dpi < c) : i ∈ D}) . (12)

MHC avoidance / repulsion. With cutoff c = 8 Å and k = 2:

Lrepulsion =
1

|M |
∑
m∈M

max-k({− log(1− P (dmi < c)) : i ∈ D}) , (13)

which grows as the probability of undesired CDR–MHC contact increases.

Predicted differential binding. BA-DDG provides a predicted binding free energy change be-
tween mutant (off-target) and wildtype (on-target) peptides:

∆∆Gpred = ∆Gmutant −∆Gwildtype, (14)

where, following SKEMPI convention (Jankauskaitė et al. (2018)), positive ∆∆Gpred indicates
preferential binding to the wild-type. Since the magnitude of ∆∆Gpred may vary based on number
of mutations between the on-target and off-target peptides, we scale ∆∆Gpred using the sigmoid
function, 1

1+e−∆∆Gpred
, when calculating the total score.

A.3 RUN SETTINGS

Genetic algorithm hyperparameters. We use a population size of K = 100 and run the evolu-
tionary search for T = 80 generations. We apply single-point crossover with rate pc = 0.7 and
initialize the population with N0 = 100 sequences. Unless otherwise noted, residues in the design
mask are initialized uniformly over the 19 amino acids excluding cysteine. The mutation operator
and rate are described in Algorithm 1; in addition to random initialization, the method can be seeded
with user-provided sequences to warm-start optimization.

BA-DDG settings We use BA-DDG with its default inference configuration (reporting only non-
training parameters):

• ca only=False,
• hidden dim=128,
• num layers=3,
• backbone noise=0.0,
• num edges=48,
• loss weight boltzmann=1.0

10
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AlphaFold3 Recycles Recycling in AlphaFold has been shown to improve model accuracy
(Jumper et al. (2021)). To choose a recycle count that balances runtime and prediction accuracy,
we evaluated 400 sequences from an earlier evolution run at multiple recycle settings and compared
their resulting fitness values to the 10-recycle baseline. Lower recycle counts correlate substantially
less well with the 10-recycle baseline (e.g., r = 0.44 at 2 recycles; r = 0.80 at 5; r = 0.94 at 8,
all p < 0.0001), while 10 recycles is self-consistent (r = 1.0,p < 0.0001). We therefore use 10
recycles for all AlphaFold3 forward passes reported in this work.

Figure 6: Correlation of fitness scores calculated using 10 recycles compared to 2 recycles, 5 recy-
cles, 8 recycles and a rerun with 10 recycles.

Folding with Binder MSA Folding with MSAs are critical to AlphaFold accuracy (Jumper et al.
(2021),Meng et al. (2023)), but is a time-intensive process. To prevent unnecessary MSA searches at
every forward pass, we precalculate MSAs using Colabfold-Search (Mirdita et al. (2022)). However,
since the nanobody sequence varies, this would typically require an MSA search for every generated
sequence. We reasoned that since the majority of the nanobody sequence are framework regions
which remain unchanged, the evolutionary information contained in a MSA run on the input input
nanobody sequence with X residues in the CDR regions would sufficiently approximate an MSA
on the full sequence. This strategy avoids repeated searches while retaining framework-derived
evolutionary signal, substantially improving throughput for AF3DESIGN.

A.4 NANOBODY FRAMEWORK AND MHC SEQUENCES

All binders are designed with the following nanobody template from Lee & Heo (2021), with X
denoting designable CDR regions:

EVQLVESGGGLVQPGGSLRLSCAASXXXXXXXXMGWFRQAPGKGRELVAAXXXXXXXXYYPDSVEGR
FTISRDNAKRMVYLQMNSLRAEDTAVYYCXXXXXXXXXXXXXXXXXXXXXXXXXXXWGQGTQVTVSS

We use the KRAS G12D variant: VVGADGVGK, with the wild-type sequence as the off target:
VVGAGGVGK. The peptide is folded with HLA-A*1101 of the MHC Class I:

GSHSMRYFYTSVSRPGRGEPRFIAVGYVDDTQFVRFDSDAASQRMEPRAPWIEQEGPEYWDQETRNVK
AQSQTDRVDLGTLRGYYNQSEDGSHTIQIMYGCDVGPDGRFLRGYRQDAYDGKDYIALNEDLRSWTAA
DMAAQITKRKWEAAHAAEQQRAYLEGRCVEWLRRYLENGKETLQRTDPPKTHMTHHPISDHEATLRCW
ALGFYPAEITLTWQRDGEDQTQDTELVETRPAGDGTFQKWAAVVVPSGEEQRYTCHVQHEGLPKPLTL
RWELSSQPT

We use the TP53 R175H variant: HMTEVVRHC, with the wild-type sequence as the off target:
HMTEVVRRC. The peptide is folded with HLA-A*0201 of the MHC Class I:

GSHSMRYFFTSVSRPGRGEPRFIAVGYVDDTQFVRFDSDAASQRMEPRAPWIEQEGPEYWDGETRKVK
AHSQTHRVDLGTLRGYYNQSEAGSHTVQRMYGCDVGSDWRFLRGYHQYAYDGKDYIALKEDLRSWTAA
DMAAQTTKHKWEAAHVAEQLRAYLEGTCVEWLRRYLENGKETLQRTDAPKTHMTHHAVSDHEATLRCW
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ALSFYPAEITLTWQRDGEDQTQDTELVETRPAGDGTFQKWAAVVVPSGQEQRYTCHVQHEGLPKPLTL
RWEPSSQPTIPI

We use the WT1127-134 peptide: RMFPNAPYL, with a ARHGEF11 peptide as the off target as
identified in Liu et al. (2025): RLFPNLPEL. The peptide is folded with HLA-A*0201 of MHC
Class I (see sequence above).

For all analysis, the pMHC complex is also folded with Beta-2-microglobulin (β2m):

IQRTPKIQVYSRHPAENGKSNFLNCYVSGFHPSDIEVDLLKNGERIEKVEHSDLSFSKDWSFYLLYYTE
FTPTEKDEYACRVNHVTLSQPKIVKWDRDM
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