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Abstract
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Receptors Targeting Peptide-MHC Neoantigens

Amir Motmaen

Chair of the Supervisory Committee:
David Baker

Biochemistry

Adaptive immune recognition depends on the specific interaction between peptides
presented by major histocompatibility complexes (MHCs) and the receptors that survey
them. Advances in protein structure prediction and design now allow us to computationally
model these interactions with unprecedented fidelity and engineer them with remarkably
higher success rates. In this dissertation, we develop two complementary structure-based
deep learning approaches: one for predicting peptide-MHC specificity by fine-tuning
structure prediction networks directly on binding data, and another for designing de novo T
cell receptors and TCR-mimic antibodies that recognize peptide-MHC targets with high
accuracy. Together, these methods illustrate how integrating structurally-informed deep
learning protein design and structure prediction frameworks enable both robust
generalization and precise molecular engineering. These tools lay the foundation for
programmable, therapeutic recognition of diseased cells and expand our understanding of
adaptive immune specificity.
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Chapter 1

Peptide binding specificity prediction using fine-tuned protein
structure prediction networks

As originally published in Motmaen, A., Dauparas, J., Baek, M., Abedi, M.H., Baker, D. and
Bradley, P., 2023. Peptide-binding specificity prediction using fine-tuned protein structure
prediction networks. Proceedings of the National Academy of Sciences, 120(9),
p.e2216697120.

Abstract

Peptide binding proteins play key roles in biology, and predicting their binding specificity is
a long-standing challenge. While considerable protein structural information is available,
the most successful current methods use sequence information alone, in part because it
has been a challenge to model the subtle structural changes accompanying sequence
substitutions. Protein structure prediction networks such as AlphaFold model sequence-
structure relationships very accurately, and we reasoned that if it were possible to
specifically train such networks on binding data, more generalizable models could be
created. We show that placing a classifier on top of the AlphaFold network and fine-tuning
the combined network parameters for both classification and structure prediction
accuracy leads to a model with strong generalizable performance on a wide range of Class |
and Class Il peptide-MHC interactions that approaches the overall performance of the
state-of-the-art NetMHCpan sequence-based method. The peptide-MHC optimized model
shows excellent performance in distinguishing binding and non-binding peptides to SH3
and PDZ domains. This ability to generalize well beyond the training set far exceeds that of
sequence only models, and should be particularly powerful for systems where less
experimental data is available.

Introduction



Sequence-based methods utilize large sets of experimentally validated binding and non-
binding peptides to assemble position specific weight matrices or more sophisticated
neural networks with several layers to discriminate binder from non-binder peptides (1-7).
Methods such as NetMHCpan are the current state-of-the-art to address key biological
challenges like MHC peptide binding specificity which is central to the adaptive immune
system (T-cell surveillance, differentiation, etc), since they can readily optimize parameters
over large sets of binding and non-binding peptides. However, sequence-based methods
are limited by their inability to incorporate detailed structural information, and as a result,
they have reduced generalizability, particularly in cases where there is less training data.
While structure-based methods have shown promise to fill this gap, they have been limited
by their inability to accurately predict protein and peptide backbone changes which can
affect both affinity and specificity, and more importantly, they lack a way to optimize many
model parameters on the large amounts of peptide binding data that are often available (8).

Results

We reasoned that the recent advances in protein structure prediction could help overcome
both limitations: that of structure-based methods in utilizing large amounts of known
binding data, and sequence-based methods, in using structural information. AlphaFold (9)
and RoselTAFold (10) predict highly accurate structures (11) and structure quality
confidence metrics that have been used to distinguish pairs of proteins which bind from
those that don’t with some success (12, 13). However, while these methods can be readily
trained with structural data, in their current form it is not straightforward to train on binding
data.

We set out to extend these networks to enable simultaneous training on structure and
binding data. Because of the importance of the peptide-MHC interaction to adaptive
immunity, and the very large datasets available for training and testing, we began by
focusing on this binding interaction. We first explored how to provide available sequence
and structure data as inputs to AlphaFold to obtain the most accurate peptide-MHC
structure models (see Methods), and obtained best performance using single sequence
(rather than MSA information) and peptide-MHC structure templates as inputs with the
query peptide positionally aligned to the template peptides. This approach modeled
peptide-MHC structures with a median peptide RMSD of 0.8 A on backbone and 1.8 A on
all atoms for Class | (Fig. S1A, B) and 0.8 A on backbone and 1.2 A on all atoms for Class II



(Fig. S1C, D) complexes. These levels of accuracy are consistent with other recent work
predicting peptide-MHC structures (8, 14-17).

We found previously in studies of designed proteins bound to targets (18) that both the
AlphaFold residue-residue accuracy estimate, PAE, and the per-residue accuracy estimate
pLDDT, are able to partially discriminate binders from non-binders. We carried out
predictions for sets of binding and non-binding peptides from (1, 5, 19), and found that
both the PAE, calculated between MHC and peptide, and the per-residue accuracy
estimate pLDDT averaged over the peptide residues, provided some discrimination of
binders from non-binders (Fig. $2). However, the discrimination between binders and non-
binders was considerably poorer than NetMHCpan, and AlphaFold tended to dock non-
binding peptides in the MHC peptide-binding groove (Fig. 2A).

We reasoned that the relatively poor discrimination compared to NetMHCpan reflected the
lack of training of AlphaFold on negative binding examples generally, and on peptide-MHC
binding data in particular. To overcome this limitation, we set out to implement a hybrid
structurally-informed classification approach for fine-tuning AlphaFold that incorporates
both binder and non-binder peptide-MHC pairs. To enable direct training on binding data,
we added a simple logistic regression layer on top of AlphaFold which converts the
peptide-MHC PAE values into a normalized binder/non-binder score. We experimented
with different training regimens for optimizing the combined model parameters, and
obtained the best results by first fitting the logistic regression parameters, and then
subsequently fine-tuning all of the AlphaFold parameters (Fig. 1 and Fig. $3). To maintain
structure prediction accuracy, we included peptide-MHC structure prediction examples
during training. For cases where the structure was not known, we followed a "distillation"
procedure (9) in which AlphaFold models of the complex were used as the ground truth
conformation, but with the loss calculated only over the MHC to allow the peptide
conformation to adjust during training. Leveraging the wealth of data available on peptide-
MHC interactions, we assembled a diverse training set consisting of 10340 peptide-MHC
examples, 203 structurally characterized and 5102 modeled peptide-MHC binder
examples, and 5035 non-binder examples, distributed across 68 Class | alleles and 39
Class Il allele pairs (see Methods). Training the combined structure prediction-
classification model on this set produced consistent drops in the combined loss function
(Fig. S4), suggesting that the model might be learning to better discriminate binder from
non-binder peptides on the basis of structural information. The fine-tuned model



developed a tendency to exclude non-binder peptides completely out of the MHC’s
peptide-binding groove (Fig. 2A).

We assessed prediction performance on an independent test set containing 2402 binder
and 2717 non-binder peptide-MHC pairs distributed across 32 Class | and 26 Class lI
alleles (Fig. 2). This set contained no peptides with fewer than two mismatches to any
peptide in the training set (Fig. $5). During training, the Class | examples were restricted to
9mer peptides, but in the test set we included Class | peptide-MHC pairs containing
peptides of lengths 8, 9, and 10 residues to better assess generalizability of our fine-tuning
approach. The combined structure prediction-classification model performs significantly
better on this test set than AlphaFold with default parameters (Fig. 2B, C). A direct
comparison to the state-of-the-art sequence-based predictor NetMHCpan on classical
HLA alleles is challenging since the vast majority of available binding data is already
contained in its training set. Despite our test examples being contained within
NetMHCpan'’s training data, our fine-tuned model performed competitively with
NetMHCpan, particularly on Class Il, achieving AUROC of 0.97 for Class | (Fig. 2B) and 0.93
for Class Il (Fig. 2C) indicating excellent classification. Beyond classification, our model
also has reasonable performance on peptide-MHC binding affinity, with a Pearson
correlation coefficient of 0.79 for 9-residue peptides binding to HLA-A*02:01 (compared to
0.57 for AlphaFold with default parameters and 0.78 for NetMHCpan; Fig. S6). Our
combined prediction-classification approach appears to learn the biochemical space of
peptide-MHC binding efficiently rather than relying solely on sequence patterns observed
during training and retains good peptide structure prediction performance (Figs. S7-8).

Divergence from NetMHCpan on 10mer peptides

Our structure-based approach to peptide-MHC binding prediction is an orthogonal and
hence potentially complementary method to purely sequence-based tools such as
NetMHCpan. As an illustration, we noticed a striking divergence between structural
predictions and NetMHCpan predictions in a scan of the Hepatitis C virus (HCV) genome
polyprotein for 10mer peptides predicted to bind to the HLA-A*02:01 allele. Surprisingly,
the two top-ranked NetMHCpan peptides (AKLMPQLPGI and ADLMGYIPLV) both had
charged amino acids at the first anchor position (peptide position 2, a position which
strongly prefers hydrophobic amino acids in known HLA-A*02:01 binders; Fig. 3B). By
contrast, these two peptides are not predicted to bind to HLA-A*02:01 using our joint



structure and binding prediction model (Fig. 3A). When predicting affinities for class |
peptides of length greater than 9, NetMHCpan aligns target peptides to a 9mer binding
model, allowing consecutive positions to "gap out" to match the 9mer model length. For
both of these peptides, peptide position 2 was not aligned to the 9mer model, making
position 3 the anchor position for the purposes of scoring. This likely explains the highly
favorable scores assigned to these peptides, as position 3 is a leucine (a strongly preferred
anchor amino acid) in both. To assess more broadly the relationship between the
NetMHCpan gap position and the consistency with our predictions, we assigned a rank
error equal to the absolute difference in ranks assigned by NetMHCpan and our structural
approach to each 10mer peptide window in the target and grouped these rank error values
based on the NetMHCpan gap position. As shown in Figure 3C, the positions with highest
mean rank error are the two canonical HLA-A*02:01 anchor positions (2 and 10, for a 10mer
peptide). These results suggest that there may be differences in the reliability of
NetMHCpan predictions for peptides of length greater than 9, depending on the location of
the gap position(s), and more generally, that our combined structure prediction-
classification model may be more robust than purely sequence-based models to the
inevitable biological variations in peptide length and other properties.

Combined structure prediction-classification model extends to other protein-peptide
systems

To evaluate the generalizability of our combined structure prediction-classification model
beyond the peptide-MHC binding data it was trained on, we assessed performance on two
additional systems: peptide recognition by PDZ domains, which bind C-terminal peptides,
and peptide recognition by SH3 domains, which recognize proline-rich peptides. The PDZ
dataset was taken from Ref. (20) and consists of 17 PDZ domains with an experimentally
determined co-complex structure and peptide binders from phage-display selection
experiments (21) (Table S1). The SH3 dataset consists of 19 SH3 domains with an
experimentally determined co-complex structure and peptide binders from phage-display
available in the PRM-DB database (http://www.prm-db.org/) (22) (Table S$2). For
comparison with experiments, we performed an "in silico selection" experiment in which
20,000 random peptides were modeled and ranked by our structure prediction-
classification model (Fig. 4A). Position weight matrices (PWMs) were constructed from the
top-ranked binding sequences, and these PWMs were compared with PWMs constructed
from the experimentally selected binders using two PWM divergence measures proposed
by Smith and Kortemme (20). The fraction of top-ranked sequences used to build the PWM



(fPWM) is a free parameter in this approach; we varied this parameter from 10-4 (i.e, only 2
sequences used to build the PWM) to 1 (all sequences used) and evaluated the accuracy of
the resulting PWMs. The prediction errors, plotted as a function of fPWM, are shown in
Figure 4B for our fine-tuned parameters (purple lines) and for AlphaFold with default
parameters (green lines). From these error curves we can see that there appears to be an
optimal value for fPWM somewhere around 0.01: using too few top-ranked sequences
likely introduces noise into the PWMs, while using too many of the randomly sampled
sequences reduces the degree of enrichment of preferred amino acids. Notably, fine-
tuning AlphaFold's parameters on peptide-MHC binding data does not degrade
performance on these other, structurally distinct, classes of protein-peptide interactions;
the fine-tuned parameters perform better than the default parameters (see Fig. S11 for a
comparison to the sequence-based machine learning method HSM (23) on these two
systems).

Discussion

The outstanding performance of AlphaFold on protein structure prediction and
NetMHCpan on peptide MHC binding specificity prediction illustrates the power of
networks trained on very large datasets; the PDB in the first case, experimental peptide-
MHC binding data in the second. Here, we show how to train a single network on both
structural and binding data simultaneously, and demonstrate that this enables
considerable generalization of binding specificity prediction beyond the available training
sets. While sequence-only networks such as NetMHCpan can achieve outstanding
performance within their target domains, combined sequence and structure models can
be more robust to biological variation and limited training data, and they are able to
generalize to new biological systems. Moving forward, there is much to explore in network
architectures for combined structure and specificity prediction; our combination of a
simple classification module (logistic regression) on top of the AlphaFold network provides
a starting benchmark for comparison. One notable limitation of our framework is the
dichotomous treatment of binding affinity: peptides are either 'binders' or 'non-binders/,
which neglects variation in binding affinity that can have important biological
consequences. Although the network trained on binder/non-binder classification does
have some ability to predict binding strength (Fig. $6), it may be possible to incorporate
binding affinity data into the training process and thereby produce a more accurate model.



Materials and Methods

Peptide-MHC dataset

Structures of peptide-MHC complexes were downloaded from the RCSB Protein Databank
(24) with an inclusion cutoff of 2021-08-05. Peptide-MHC binding data was extracted from
the training sets generously provided by the NetMHCpan developers on their website
(https://services.healthtech.dtu.dk/service.php?NetMHCpan-4.1). The training set
consisted of 10340 peptide-MHC examples, 203 structurally characterized and 5102
modeled peptide-MHC binder examples, and 5035 non-binder examples, distributed
across 68 Class | alleles and 39 Class Il allele pairs. Twenty-three mouse peptide-MHC
structures were included in the training set; the remainder of the training and testing data
was restricted to human alleles. We assessed prediction performance on an independent
test set containing 2402 binder and 2717 non-binder peptide-MHC pairs distributed across
32 Class | and 26 Class Il alleles. This set contained no peptides with fewer than two
mismatches to any peptide with the same binder/non-binder label in the training set (Fig.
S5). For Class |, only 9 residue peptides were used for training; for testing, we included 21
8-residue and 475 10-residue peptides. Class Il peptides were modeled as the core 9
residue window together with one amino acid of context on either side (11 residues total).
During inference, longer Class Il peptides were broken into overlapping 11-residue
windows for modeling and the best scoring window was used to make the binding
prediction. During training, Class |l peptides were represented by their best scoring 11-
residue window; thus each peptide, regardless of length, mapped to a single training
example. All examples used for training and testing are provided in the Zenodo repository
associated with this manuscript.

Peptide-MHC template search and query-to-template mapping

The amino acid sequence of the a1 and a2 domains for MHC Class | and the a1 and 31
domains for MHC Class Il were considered as the MHC query sequence and were pairwise
aligned to their corresponding domains across all entries in the PDB template set. The
pairwise alignment was done with the Needleman-Wunsch local alignment algorithm using
the BLOSUMG2 substitution score matrix while setting gap open penalty to -11 and gap
extend penalty to -1. The Biopython package (25) was used to run the alignment algorithm.
The alignments were used to generate query-to-template mapping strings that map each



query residue to the corresponding residue in the template crystal structure. To generate
query-to-template mapping for the peptide, sequence identity was ignored and mappings
were generated based on position along the peptide sequence. For Class | molecules, the
query peptide was mapped to the template one to one if the length of the two peptides
were equal, and if not, the first three and the last three residues of the query were mapped
to the corresponding residues of the template. For Class Il queries, the core 9mer residues
of the peptide and their immediate neighboring residues (11mer residues in total) were
mapped to the corresponding residues in the templates. If the 9mer core was not
determined in the query, each possible consecutive 11-residue window along the peptide
was used as the query peptide to model the complex with all possible positions for the
9mer core and the best model was selected by picking the one with the lowest inter-chain
PAE among the windows. Finally, the MHC and peptide mapping strings were combined by
putting the peptide either in the N-terminus or the C-terminus of the MHC mapping string.

AlphaFold modeling of peptide-MHC pairs

Query peptide sequence was appended to the N-terminus or C-terminus of the query MHC
sequence. At chain break junctions, the residue indices were shifted by 200. Single
sequence and templates were used as inputs and AlphaFold’s model_1, model_1_ptm,
model_2, or model_2_ptm weights were used for inference. The crystal structures of the
top 4 hits from the template search based on the MHC alignment scores were used to
construct the template features in AlphaFold. Both PDB outputs of the predictions and
predicted AlphaFold metrics were saved for analysis purposes.

Hybrid AlphaFold Fine-Tuning on Structure and Binding Data

Combined structure prediction-classification approach for fine-tuning AlphaFold was
performed in two stages (Fig. S3). First, the binder model parameters were fitted using
logistic regression while the AlphaFold parameters were kept fixed at their starting values.
The AlphaFold MHC-peptide inter-PAE scores for the training set, together with their
binder/non-binder labels, were provided to the LogisticRegression class from the Scikit-
learn (26) package linear_model. This produced slope and intercept values that defined a
linear mapping between inter-PAE values and logit values. We noted that these fitted
parameters differed between MHC class | and MHC class Il: a model fitted on class |
peptides had a higher midpoint PAE (8.03) than a model fitted on class Il peptides (4.34).



This difference likely reflects structural differences in the peptide binding mode, with class
| peptides bulging out of the MHC pocket, anchored at the ends, while class Il peptides
follow a direct and fully extended path with termini protruding at the ends of the pocket. To
account for these differences, and allow for future applications in which even more
disparate binding data might be combined, we allowed the logistic regression midpoint
parameter to vary as a function of a predefined class value (here | or ll) for each training
example.

The binder model parameters were then fixed at their optimal values while the AlphaFold
parameters were fine-tuned in the context of a hybrid structure and binder loss function.
The loss for a single training example was equal to the softmax cross entropy of the
binder/non-binder prediction for that example plus the AlphaFold structure loss, which
was multiplied by a weight of 1.0, if the ground truth structure for that example was an
experimentally determined structure, or 0.25, if the ground truth structure was an
AlphaFold predicted structure. Predicted structural models were used as the ground truth
conformations for the non-binder peptides and for binder peptides without solved
structures; for these examples, the AlphaFold structure loss was computed only over the
MHC to allow the peptide conformation to adjust during fine-tuning. For the parameters
evaluated here, we chose a fairly conservative stopping point after two epochs of training
(when each training example had been seen twice) to avoid excessive drift in the AlphaFold
model. A Python script that performs parameter fine tuning, together with command line
parameters and example inputs, is provided in the github repository associated with this
manuscript. Full inputs for fine-tuning, including the predicted AlphaFold models used as
ground truth structures, are provided in the Zenodo repository associated with this
manuscript.

Evaluation of classification performance on peptide-MHC

Pairs of peptide-MHC from the dataset under evaluation were modeled with AlphaFold or
Fine-Tuned AlphaFold parameters. Inter-chain PAE terms corresponding to the peptide-
MHC interactions were averaged. Mean inter-chain PAE values and binder non-binder class
labels were used to construct Receiver Operating Characteristic (ROC) curves and the area
under the curve values were used to compare classification performance of different
models. To compare our prediction results to NetMHCpan, we used NetMHCpan-4.1 and



NetMHCllpan-4.1 (1, 2). These software tools were installed on our server and executed
through the command line.

AlphaFold modeling of PDZ and SH3 domains

The PDZ domain dataset (Table S$1) was taken from Ref. (20) and consisted of 17 human
PDZ domains with experimentally determined structures. Binder peptides for the 17 PDZ
domains were downloaded from supplemental data for Ref. (21)
(https://baderlab.org/Data/PDZ). Experimental amino acid frequency matrices (PWMs)
were constructed from the PDZ binder peptides, with clone frequency weighting. For the
AlphaFold simulations, 20,000 random peptide sequences of length equal to the peptide in
the experimental structure were generated using NNK codon frequencies to match the
amino acid bias in the phage display libraries. The experimental structure listed in the
'template' column of Table S1 was used as the sole template, with the random peptide
sequences aligned to the template peptide and single-sequence MSA information.

The SH3 domain dataset (Table S2) consisted of 19 SH3 domains with experimentally
determined structures extracted from the Database of Peptide Recognition Modules
(http://prm-db.org/) (22). Experimental PWMs were downloaded from the PRM-DB. SH3
domains can bind peptides in two orientations, denoted class | and class I, which have
opposite chain orientations: class | peptides often match a +XXPXXP sequence motif,
where '+' denotes a positively charged amino acid and X is any amino acid; class Il peptides
often match a PXXPX+ motif. SH3 peptide PWMs from PRM-DB were annotated as class | or
class Il by choosing the class whose sequence motif had the highest PWM frequency
(averaged over the three motif positions). Five of the SH3 domains had multiple PWMs in
the PRM-DB, one of which was assigned as class | and one as class Il; these domains were
modeled twice, once in each orientation. For AlphaFold modeling, the native PDB structure
listed in Table S2 ('SH3 template' column) was used as the template for the SH3 domain.
Four peptide-SH3 structures with peptides in the desired orientation (i.e., class | or class ll)
were chosen as peptide templates based on SH3 domain sequence identity (Table S2,
'Peptide templates' column). The peptides in these structures were transformed into the
reference frame of the SH3 domain template by structural superimposition to create hybrid
template models for AlphaFold. Multiple structural alignment was used to identify the core
motif positions (+XXPXXP or PXXPX+) in each template peptide. The peptide sequence



modeled in the AlphaFold runs consisted of the core motif together with one residue on
either side (9 residues for class | and 8 residues for class Il).

For comparison with experimental PWMs, predicted PWMs were constructed from the top
ranked peptide sequences. Peptides were ranked by protein-peptide inter-PAE: the sum of
the residue-residue PAE scores for all (protein,peptide) and (peptide,protein) residue pairs,
where PAE is AlphaFold's 'predicted aligned error' accuracy measure. The experimental
PWMs were derived from phage display experiments with random peptide libraries of size
109 and greater, whereas the predicted PWMs were based on 20,000 modeled peptides. To
account for this differential and better match the entropy of the amino acid frequency
distributions, we squared the predicted amino acid frequencies and renormalized them to
sum to 1. This had the effect of increasing the information content of the predicted PWMs
without changing the order of amino acid preference. The exponent of 2 can be partly
rationalized by the approximate two-fold differential in log search-space size between
predictions and experiments. Following Ref. (20), predicted and experimental PWMs for
PDZ domains were compared over the last 5 C-terminal peptide positions. Predicted and
experimental PWMs for SH3 domains were compared over the core 7 (for class |) or 6 (for
class ll) positions of the SH3 motif together with the immediately adjacent positions, if
those positions were present in the experimental PWM. Two measures of PWM column
divergence were used to assess predictions: average absolute deviation (AAD) and the
Frobenius metric. The AAD for a single PWM position equals the sum of the absolute
frequency deviations for all amino acids, divided by 20; AAD ranges from 0.0 (perfect
agreement) to 0.1 (maximal divergence). The Frobenius metric for a single PWM position
equals the square root of the sum of the squared frequency deviations; it ranges from 0.0
(perfect agreement) to the square root of 2 (maximal divergence). The AAD and Frobenius
values in Figure 4 were averaged over all PWM columns.

HCV experiment

We scanned the sequence of the Hepatitis C Virus (HCV) genome polyprotein (3011 amino
acids; Uniprot ID P27958) to find potential 10mer peptide epitopes presented by HLA-
A*02:01. We ran NetMHCpan with FASTA format input and default parameters. NetMHCpan
compares 10mer peptides to its internal 9mer binding model by dropping one "gap"
position from the peptide:model alignment. We parsed the location of the gap position
from the output columns ('Of, 'Gp', and 'Gl') and confirmed by matching to the sequence in



the 'Core' column. To assess divergence between our structure-based predictions and
NetMHCpan, raw scores from each method were sorted and converted to rank scores.
Peptides were grouped by the NetMHCpan-assigned gap position, and the mean absolute
difference in rank score was computed for each gap position.

Data and code availability

Fine tuning the AlphaFold model parameters required small changes to the AlphaFold
software. The modified version of the AlphaFold package used here as well as additional
python scripts for training and prediction will be made available prior to publication at
https://github.com/phbradley/alphafold_finetune. Full datasets for training and testing the
structure prediction-classification model, including predicted AlphaFold structures for
binder and non-binder examples, will be made available prior to publication through the
manuscript github repository (https://github.com/phbradley/alphafold_finetune).
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Figure 1: Extending structure prediction networks for binder classification. For fine-tuning the combined
model to distinguish binding from non-binding peptides, inputs (left) are sets of known binding (green) and
non-binding (red) sequences, the sequence of the target protein(s), and the available co-crystal structures
which provide templates for modeling the complex. The peptide sequence is positionally aligned to the
peptides in the co-crystal structures, and the structure of the complex is predicted with AlphaFold. A logistic
regression classifier converts the output PAE values into a normalized binder/non-binder score and
prediction. During training, the combined model parameters were optimized to minimize the loss terms in the
final column, and model weights were updated through gradient backpropagation as indicated by the solid
arrows. The classification loss (cross entropy) is computed on all training examples; the structure loss is
computed over the entire complex for binding peptides with co-crystal structures, and over the binding
protein alone for binding peptides without co-crystal structures and for non-binding peptides.
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Figure 2: Fine-tuning improves pMHC-peptide binder classification to state-of-the-art levels. (A)
Structure prediction for a non-interacting peptide-MHC pair using AlphaFold before (left) and after (right) fine-
tuning on joint structure prediction and binder classification. The peptide is incorrectly predicted to bind the
MHC in the first case but not the second. (B, C) Binder/non-binder peptide classification ROC curves on test
sets (see Methods): (B) MHC Class |, (C) MHC Class Il. AlphaFold (green), combined structure prediction-
classification model (purple), and NetMHCpan (pink).
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structure prediction-classification model binder score (y-axis, reversed so that predicted strong binders for
both methods are in the lower left) reveals strong overall correlation (R?=0.49) as well as peptides with
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Figure 4: Accurate prediction of PDZ-peptide and SH3-peptide interactions using the combined

structure prediction-classification network. (A) Prediction of position-weight matrices by random

sequence generation followed by network evaluation. (B) Combined network fine-tuned on peptide-MHC

interactions outperforms AlphaFold with default parameters in recapitulating experimental PWMs. AAD:

average absolute difference in amino acid frequency; Frobenius: average Frobenius distance between PWM

columns (lower is better for both; see Methods). AlphaFold (green), and fine-tuned AlphaFold (purple). The

solid black lines in the PDZ panels indicate the performance of the structure-based method from Ref. (20),

which was optimized on PDZ domains. Dashed black lines indicate the average AAD and Frobenius scores of

PWMs constructed from the sequences of the template PDB peptides used for modeling. (C) Examples of

predicted and experimental sequence logos (See Figs. S9-10 for a complete set of sequence logos).
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Supplementary Material for Peptide binding specificity prediction
using fine-tuned protein structure prediction networks

Supplementary discussion on model training

The combined structure prediction-classification model adds two additional "logistic
regression" parameters to the internal AlphaFold model parameters. These parameters, a
slope and a switch-point, transform the mean MHC:peptide residue-residue confidence
measure (the 'PAE' score) into a binder/non-binder probability that ranges from0to 1. A
central hypothesis of this study was that fine-tuning the internal AlphaFold parameters in
the context of binder classification would lead to significant improvement in performance
beyond what could be achieved with the default parameters. A key question was how best
to optimize both the AlphaFold internal parameters and the two logistic regression
parameters. One alternative would be to simultaneously fit both the AlphaFold parameters
and the logistic regression parameters. Since AlphaFold has 100s of millions of parameters
that collectively summarize information on the protein sequence-structure mapping, and
we are fine-tuning on a very limited domain (peptide-MHC interactions), we were
concerned about moving too far from the starting parameters and thereby losing general
structural knowledge that could be relevant for new protein-peptide systems not seen
during training. This desire to be conservative in the fine-tuning guided many of our
decisions, from stopping the AlphaFold fine-tuning after just two epochs (i.e., each
example seen twice), to this question of how to train the binder model. For example, if we
started with randomly initialized logistic regression parameters, early training steps might
perturb the internal AlphaFold parameters in unphysical directions. Thus, we decided to
first fit the two logistic regression parameters in the context of the starting AlphaFold
parameters, and then keep them fixed during the fine-tuning of the AlphaFold parameters.
This also avoids 'mixing' of different parameter types during training (i.e., logistic regression
parameters and AlphaFold internal parameters). To explore this question further, we re-ran
model training several times with random initial logistic regression parameters and saw
that AUROC values of the final models were comparable to or lower than the model
described in the main text. We also tried initializing the logistic regression parameters to
their fitted values and letting them vary during training, and we found that they remained
essentially unchanged during fine-tuning of the AlphaFold parameters, and the final model
performed equivalently to the one described above.
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Fig. S1. Comparison of peptide-MHC structure modeling quality of AlphaFold with different inputs.
Violin plots of peptide RMSD distribution of peptide-MHC models produced by AlphaFold with MSA,
Templates, or MSA and Templates as inputs to the network. (A) peptide backbone RMSD for Class |, (B)
peptide all atom RMSD for Class | (C) peptide backbone RMSD for Class Il and (D) peptide all atom RMSD for
Class Il complexes. White circles represent the median, thick lines the interquartile range, and thin lines the
range between 10th and 90th percentiles.
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section.
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Fig. S6. Correlation between predicted and experimental binding affinities for 9 residue peptides
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model in the middle, and for NetMHCpan-4.1 on the right. Experimental binding affinities were taken from the
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(rho values) are shown in the panel titles. The NetMHCpan-4.1 rank score was logio-transformed (the
untransformed rank score showed a weaker Pearson correlation coefficient of R=-0.537).






Fig. S7. Representative class | peptide-MHC structural models generated by the fine-tuned binder
model. Target peptides have at least 2 mismatches to any binder peptide in the training set. Modeled
structure is shown in green and native in gray. Backbone/all-atom RMSD values are shown to the left of the
peptide, which is oriented with the N-terminus on the left. Representative structures were chosen uniformly
along the backbone RMSD distribution (median 0.98 A backbone and 1.83 A all-atom RMSD).






Fig. S8. Representative class Il peptide-MHC structural models generated by the fine-tuned binder
model. Target peptides have at least 2 mismatches to any binder peptide in the training set. Modeled
structure is shown in green and native in gray. Backbone/all-atom RMSD values are shown to the left of the
peptide, which is oriented with the N-terminus on the left. Representatives were chosen uniformly along the
backbone RMSD distribution (median 0.61 A backbone and 1.15 A all-atom RMSD).
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Fig. S9. Predicted and experimental sequence logos for the 17 PDZ domains. Predicted logos were built
from the top 1% of random peptides ranked by the combined structure prediction-classification model.
Domains are ordered by increasing AAD between predicted and experimental logos.
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Fig. S11. PWM prediction accuracy for structure-based models and for the HSM machine learning
approach. As described in the main text, twenty thousand random peptides were ranked with the structure-
based approaches (standard AlphaFold with inter-PAE ranking and the fine-tuned binder model) and with the
sequence-based machine learning approach hierarchical statistical mechanical modeling (HSM) (2). PWMs
were generated from the top fraction of the ranked sequences as indicated on the x-axis, and these PWMs
were compared with experimental PWMs using the AAD (left) and Frobenius (right) measures (see Methods).
PDZ PWMs were aligned based on the position of the C-terminus; SH3 PWMs were aligned based on the PxxP
motif (structure-based approaches) or by trying all registers and taking the one with minimal deviation (HSM).
Pre-trained HSM PDZ and SH3 models and prediction scripts were downloaded from
https://github.com/aqglaboratory/hsm. The HSM approach outperforms the structure-based models for PDZ
domains, suggesting that further performance gains could be achieved by including PDZ binding data in the
training set used for fine-tuning.






Supplementary Tables

Table S1. PDZ domain dataset

PDZ domain Template- Template peptide
CASK-1 1kwa_AB VPSYREF
DLG1-2 2i0l_AC RRETQV
DLG1-3 2i0i_AD RRETQV
DLG2-3 2he2_AB KIHETSV
DLG4-3 1tp5_AB KKETWV
DVL2-1 1l60_AD LKLMTTV
ERBB2IP-1-hi 1n7t_AB TGWETWV
MLLT4-1-hi 2ain_AB LFSTEV
MPDZz-7 2iwg_AA SIISTRL
MPDZz-10 20pg_AB PYKSTRL
MPDZz-12 2iwp_BA DVSETSV
MPDZz-13 2fne_BA SSDETSV
PDLIM4-1 4q920_AB VESPWL
PTPN13-2 1d5g_AB NEQVSAV
SLC9A3R2-2 2hed_AA VGPSTRL
SNTA1-1 1qav_AB THLETTF
TIP141 2h2b_AA WRRTTYL

-PDB ID followed by PDZ and peptide chain identifiers




Table S2. SH3 domain dataset

PRM-DB Protein Uniprot SH3 Peptide
SH3

identifier: class name identifier template: | templates:

PRM_0152 | 1 Sho1 P40073:287-367 | 2vkn_A 2vkn_AC,3ua7_AE,4rtz_AB,5sxp_BF

PRM_0157 | 1 GRB2 P62993:1-58 1gbg_A 5sxp_BF,1i06_AB,2bz8_AC,3ua7_AE

PRM_0161 | 2 Pex13 P80667:295-386 | 1n5z_A 1n5z_AP,1gbq_AB,1gbqg_AB,5ul6_AM

PRM_0162 | 1 Nbp2 Q12163:103-180 | 2lcs_A 2lcs_AB,2bz8_AC,1i06_AB,4rtz_AB

PRM_0166 | 2 Lsb3 P43603:385-451 1ssh_A 1ssh_AB,3ua7_DF,2d1x_DQ,5ul6_AM

PRM_0190 | 2 Bbc1 P47068:1-78 1zuk_B 2rqu_AB,4ln2_AB,2d1x_DQ,2rpn_AB

PRM_0193 | 2 Abp1 P15891:535-592 | 2rpn_A 2rpn_AB,2d1x_DQ,4wci_EF,2rqu_AB

PRM_0210 | 1 GRB2 P62993:1-57 1gbg_A 5sxp_BF,1i06_AB,2bz8_AC,3ua7_AE

PRM_0210 | 2 GRB2 P62993:1-57 1gbqg_A 1gbqg_AB,1gbq_AB,2d1x_DQ,5xhz_AC

SRC-
PRM_0215 | 1 1S2/2 P12931:87-144 4rtz_ A 4rtz_AB,3ua7_AE,5sxp_BF,1io6_AB
SRC-

PRM_0215 | 2 1S2/2 P12931:87-144 4rty A 4rty_AB,3ua7_DF,5ul6_AM,4f14_AB
Q9ULH1:1073-

PRM_0231 | 2 ASAP1 1131 2rqu_A 2rqu_AB,5xhz_AC,2rpn_AB,2d1x_DQ

PRM_0238 | 2 ARHGEF7 | Q14155:187-242 | 5sxp_B 5xhz_AC,3u23_AB,2d1x_DQ,3ua7_DF

PRM_0266 | 1 FYN P06241:85-142 3ua7_A 3ua7_AE,4rtz_AB,5sxp_BF,1i06_AB

PRM_0266 | 2 FYN P06241:85-142 3ua7_D 3ua7_DF,4rty_AB,5ul6_AM,1gbg_AB

PRM_0270 | 2 CRK P46108:135-191 | 5ul6_A 5ul6_AM,4rty_AB,1gbqg_AB,1gbq_AB

PRM_0272 | 2 CD2AP Q9Y5K6:111-166 | 3u23_A 3u23_AB,5xhz_AC,4wci_EF,2d1x_DQ

PRM_0273 | 2 CD2AP Q9Y5K6:2-58 4wci_E 4wci_EF,5xhz_AC,3u23_AB,2rpn_AB

PRM_0282 | 2 CTTN Q14247:459-512 | 2d1x_D 2d1x_DQ,4f14_AB,2rpn_AB,1gbq_AB

PRM_0285 | 1 SH3KBP1 | Q96B97:2-57 2bz8_A 2bz8_AC,5sxp_BF,1i06_AB,3ua7_AE

PRM_0285 | 2 SH3KBP1 | Q96B97:2-57 2bz8_A 4wci_EF,2d1x_DQ,5xhz_AC,3u23_AB

PRM_0291 | 1 BIN1 000499:523-593 | 5i22_A 5sxp_BF,2bz8_AC,1i06_AB,3ua7_AE
Q9BX66:870-

PRM_0298 | 1 SORBS1 927 41n2_A 5sxp_BF,2bz8_AC,1io6_AB,3ua7_AE
Q9BX66:870-

PRM_0298 | 2 SORBS1 927 4ln2_A 4ln2_AB,1gbq_AB,1gbg_AB,2rqu_AB

JInternal identifier used in the PRM-DB database (http://prm-db.org/)

*PDB and chain identifier of SH3 domain modeling template

-PDB identifier followed by SH3 and peptide chain identifiers of peptide modeling templates



http://prm-db.org/
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Abstract

Class | major histocompatibility complexes (MHCs) present peptides derived from
intracellular proteins for surveillance by T cells. The precise recognition of foreign or
mutated peptide-MHC (pMHC) complexes by T cell receptors (TCRs) is central to immune
defense against pathogens and tumors. Here, we introduce and validate a structure-based
deep learning strategy for the creation of TCRs and TCR-mimic antibodies by designing
dozens of binders to specific pMHCs of interest. Experimental structures of designed
antibodies bound to their pMHC targets demonstrate atomic-level accuracy at the
recognition interface. Computationally desighed TCRs and antibodies targeting pMHC
complexes could enable a broad range of therapeutic applications, from cancer
immunotherapy to autoimmune disease treatment, while also providing insight into the
specificity and activity of natural TCRs.

Introduction

The peptide-MHC complexes (pPMHCs) on the surface of a cell provide a window onto its
internally expressed proteome, enabling the detection of viral infection or oncogenic
transformation from external cues. Thus disease-associated pMHCs are an attractive
recognition target for delivery of cytotoxic therapies, and this is the basis of the cellular arm
of the adaptive immune system, in which T cell receptors (TCRs) mediate recognition (1, 2).
Highly variable TCRs are produced by a genome rearrangement process—V(D)J



recombination—that generates sequence diversity by random joining of germline-encoded
gene segments together with nucleotide insertion and deletion at the segment junctions
(3). TCR sequences are filtered during T cell development in the thymus by positive and
negative selection processes that guarantee a baseline but not excessively strong level of
binding to self-pMHCs (4). Native TCRs derived from patients are being explored as
therapeutics, but their reactivity toward self or near-self targets may be constrained by
thymic selection. Computational protein design represents an alternative path to
therapeutic TCRs, but de novo generation of the loop-mediated binding modes employed
by TCRs remains challenging, and past work on TCR design has been limited to the
reengineering of existing binders (5-9). The composite nature of the pMHC interface—
consisting of a few variable peptide residues surrounded by many conserved MHC
positions—represents an additional barrier to peptide-specific recognition.

Deep learning protein design methods based on generative diffusion models (10) or
gradient backpropagation through structure prediction networks (11) have been widely
used to generate binders against many targets. Though successful, these methods can be
compute- and memory-intensive for large systems like TCR:pMHC complexes, and network
backpropagation may lead to inflated model confidence and exploration of adversarial
sequences and structures in some cases. We reasoned that the highly conserved binding
modes of TCRs for their pMHC targets would be well-learned by structure prediction
networks trained on the PDB and fine-tuned on TCRs, enabling the use of simpler
inference-based methods directly for conformational sampling. We set out to explore the
possibility of combining such an approach for conformational sampling with ProteinMPNN-
based sequence design (12) to generate pMHC-specific TCRs and 'TCR-mimic' antibodies.

Results

Design of pMHC-targeting TCRs and antibodies

We developed a structure-based deep learning strategy, ADAPT (Antigen-receptor Design
Against Peptide-MHC Targets), for the design of pMHC-targeting TCRs and antibodies. The
ADAPT design pipeline (Fig. 1) combines fine-tuned Alphafold2 (13) (AF2) conformational
sampling with ProteinMPNN (12) fixed-backbone sequence design. Diversity is introduced
into the pipeline through the use of multiple TCR/antibody template structures (the choice



of template determines the sequence and structure of the receptor outside the
Complementarity-Determining Region (CDR) loops) and by initializing each design run with
random CDR3 sequences taken from a large library of paired human TCRs. A single design
run consists of four steps (Fig. 1, top): initial docking, sequence design of the 6 CDR loops,
redocking, and design model evaluation. TCR-like binding modes are enforced by fine-
tuning AF2 on TCR:pMHC structures and binding data (14, 15) and by providing AF2 with
generic TCR-like docking templates as input features (see Methods). The re-docking step
allows the binding mode to adjust to the designed CDR sequences and provides AF2
quality metrics for design ranking. To obtain a second view of design quality, a version of
the RoseTTAFold2 (RF2) network (16, 17) fine-tuned on antibodies and TCRs is used to
model the final design sequence, providing a confidence estimate as well as a predicted
structure that can be compared with the original design. This process is repeated many
thousands of times with different template framework structures and different randomly
selected CDR3 pairs, resulting in a large ensemble of candidate designs that are ranked by
a quality score that combines the AF2 and RF2 confidence scores as well as the similarity
between their structural models (see Methods). The top-ranked 100-500 designs for each
pMHC target are then taken as starting points for a genetic algorithm (GA) refinement
procedure, conducted in parallel across multiple concurrent processes operating on a
shared design pool (Fig. 1, bottom). Each process repeatedly selects a random design
from the current pool, mutates two interface positions, redocks and redesigns the
interface, and then replaces an existing design in the current pool if the refined design has
superior metrics (with limits to prevent a single lineage from taking over the pool, see
Methods and fig. S1). ADAPT refinement can be viewed as iterative alternation between
ProteinMPNN sequence design and AF2 redocking, with interface mutations introducing
diversity and the GA framework enabling intensified exploration of promising regions of
design space.

Designed TCRs bind their pMHC targets

We applied this TCR design pipeline to a panel of 9 pMHC targets including cancer-
associated epitopes, tumor neoepitopes, and viral peptides (Table 1). Top-ranked
sequence designs were introduced into TCR-null Jurkat T cells and assessed for binding to
on- and off-target pMHCs by flow cytometric analysis with multimerized pMHC staining
reagents (see Methods). For four targets (AO1-EVD, A02-LLW, A02-GLM, and A02-TLM;
Table 1), successful binder designs were identified in small-scale clonal screens
consisting of 30-60 sequences. Binders for two additional targets (A02-ALY and B44-SEl)



were found by screening larger libraries of 1000-5000 designs built by cloning chip-
synthesized DNA fragments into template-specific backbones (see Methods). No
successful designs were identified for the remaining three targets (A02-HMT, A03-ALH, and
A11-VVV). Structural models and binding data are shown in Fig. 2A for a single design for
each of the six successful targets. On- and off-target binding for 35 nonredundant designs
from 17 distinct refinement lineages, along with a dendrogram showing their sequence
relationships, are summarized in Fig. 2B and Fig. S2. The scatter plot in Fig. 2C shows
binding data for a larger set of successful and failed designs; note that the off-target
pMHCs span a range of similarities to the design target, from the highly similar Titin-derived
off-target for AO1-EVD to more distant and therefore less challenging discrimination targets
(Table S1). The designed CDR sequences are highly mutated relative to their template
structures, with 70-80% of the designable positions changing in a typical loop (Table S2).
To visualize the diversity of binding modes in these designs, we calculated the 6 rigid-body
orientational parameters relating pMHC and TCR for each design and for a non-redundant
set of MHC class-I restricted native TCR structures (see Methods). Visualization of the
docking geometries by principal components analysis (PCA) shows that the designs are
well distributed across the landscape of native TCR binding modes (Fig. 2D) and that
designs sample binding modes that are distinct from those of the experimental structures
used to template their framework regions (Fig. S3). Retrospective modeling of the designed
sequences with the default Alphafold3 (18) pipeline (without interface templates or fine-
tuning) recapitulated the designed binding geometries with high confidence (fig. S4A).
Finally, we performed an all-vs-all binding screen matching the six representative designs
against all six target pMHCs and observed binding to the intended target along with some
off-target binding, particularly to the A02-TLM pMHC (Fig. 2E). Alphafold3 metrics showed
a substantial correlation with experimental binding results (Fig. S4B-C, Fig. S5). Taken
together, these results demonstrate that the ADAPT pipeline can generate diverse, novel
TCRs that bind to their intended pMHC targets.

Antibody binding modes confirmed by high-resolution structures

Like TCRs, antibodies are generated through a genetic recombination process that
produces diverse CDR loop regions which mediate target binding. Because they function in
part as secreted proteins, antibodies often make better soluble reagents than TCRs, which
remain anchored to the T cell surface. Thus pMHC binding antibodies might have
advantages over TCRs when a soluble targeting molecule is desired, for example as a
component of a bispecific T cell engager (19, 20). To date, a handful of pMHC-binding



antibodies have been identified by traditional immunization and screening approaches (21—
23). By replacing the TCR template structures with a set of antibody variable region
structures, ADAPT can design antibodies that target pMHC complexes using TCR-like
binding modes. We used ADAPT to generate TCR-mimic antibodies that specifically
recognize three different pMHC targets with relatively high success rates in small-scale
screens (Fig. 3A-C, Fig. S6, Table 2). Monovalent affinities of these designs for their targets
ranged from 5nM to 700 nM, with most designs binding in the high nanomolar range (Table
S3, Fig. S7). Cryogenic electron microscopy (cryoEM) structures were determined for two
of the designed complexes—VvAB-30 bound to the A01-EVD pMHC and vAB-66 bound to
A02-TLM—revealing atomic accuracy at the interface (Fig. 3D-E). Ca-RMSD calculations
over full complexes yielded values of 0.7A and 0.6A for vAB-30 and vAB-66 respectively;
Ca-RMSDs of 0.6A (vVAB-30) and 1 2A (vAB-66) were calculated for the CDR loop regions
after aligning on the MHC structures. For the vVAB-30 complex, peptide recognition is
primarily mediated by the heavy chain CDR2, with a hydrogen bond between Arg54HC and
the C-terminal Tyr9 main-chain oxygen. Additional stabilization arises from a Pro—aromatic
CH-mtinteraction between Light chain CDR1 Tyr32LC to peptide residue Pro4. Contacts to
the MHC are distributed, involving the a1 helix from CDR2HC, CDR3HC and a2 helix from
CDR1LC, CDR2LC, and CDR3LC (Fig. S8A). For the vAB-66 complex, peptide recognition is
driven by the heavy chain CDR1, with a hydrogen bond from Asp33HC to peptide residue
Ser4, as well as van der Waals contacts from CDR3HC. Additional contacts from Phe32LC
and Trp92LC extend the reach toward the C terminus of the peptide. Contacts to the MHC
are more distributed, with contact to the a1 helix from CDR3HC, CDR1LC, and CDR2LC,
and contact to the a2 helix from CDR1HC (Fig. S8B).

Existing structures of antibodies with TCR-like recognition modes have shown two broad
classes of docking geometry which are related by 180° rotation of the antibody about its
pseudo-symmetry axis: one in which the antibody heavy chain aligns with the TCR beta
chain (‘forward' docking), and one in which the heavy chain aligns with the TCR alpha chain
(‘reverse' docking). This is controlled in the ADAPT pipeline at the docking and redocking
steps (Fig. 1) through the use of docking-geometry templates that are aligned to the
template antibody structure in either the forward or reverse orientation. The forward or
reverse orientation is randomly selected at the start of each individual design calculation in
order to sample candidate designs with both orientations. As shown in Fig. 3 and Table 2,
the successful pMHC binders exhibit both orientations. To visualize the designed binding
modes relative to native TCRs, we performed PCA analysis of their orientational
parameters, now dropping the single parameter describing rotation of the antibody about
its internal pseudosymmetry axis (which corresponds to the choice of forward vs reverse



dock; see Methods). This analysis showed that the desighed binding modes fall within the
space sampled by natural TCRs (Fig. 3F).

To explore potential clinical applications, we formulated three of the A02-ALY specific
antibodies as bi-specific T cell engagers (see Methods) and evaluated their ability to trigger
T cell activation in the presence of target cells pulsed with peptide variants. Two of the
designs (VAB-246 and vAB-250) showed specificity for the target peptide and its near
variants (Fig. 3G), with the pattern of sensitivity to peptide mutations for vAB-246 appearing
to correlate with extent of antibody contact at the designed interface (Fig. 3H). The third
design induced activation even in the absence of pulsed peptide, suggesting that it binds to
off-target pMHC complexes on the target cell surface.

Designed TCRs activate T cells

For application as cytotoxic targeting reagents, TCRs must have high specificity toward
their target epitope in order to avoid killing healthy cells bearing structurally similar self-
pMHCs. This is challenging because the TCR recognizes a composite interface consisting
of a few residues from the target peptide together with multiple MHC residues that are
shared with many self-pMHCs. T cell activation provides a sensitive read-out of TCR
specificity due to the signal-amplifying properties of the activation signaling cascade (24).
Using transgenic T cells expressing designed TCRs co-cultured with antigen presenting
cells in the presence and absence of pulsed target peptide, we found that many of the
designhed TCRs—despite being able to discriminate their target peptide from specific off-
target competitors in binding screens—showed relatively high levels of non-specific
activation in the absence of target peptide (Fig. 4A-B; Fig. $9); the more specific designs
tend to have weaker on-target binding than non-specific designs (Fig. 4C).

Overall, there was a strong positive correlation between on-target binding and on-target
activation: designs that bound above a threshold tended to support T cell activation and
vice versa (Fig. 4D; Pearson's r = 0.87). Several designs targeting the highly polar HLA-
A*02:01-restricted epitope ALYDKTKRI from terminal deoxynucleotidyl transferase (TdT)
showed low levels of non-specific activation (lower right corner of Fig. 4A). We evaluated
their fine specificity by additional activation experiments with peptides containing
individual alanine mutations and similar peptides from the human proteome (Fig. 4E).



Several designs were able to discriminate the target peptide from some, though not all, of
the nearby mutant peptides, and the pattern of mutation sensitivity could be rationalized
by examination of the designed structures, with mutations at non-contacted peptide
positions being better tolerated than mutations at positions with extensive TCR contacts
(Fig. 4F).

Discussion

The specificity of T cell receptors for their pMHC epitopes underpins the exquisite precision
of the adaptive immune system, providing protection from pathogens and elimination of
transformed cells. Computationally designed TCRs and antibodies that specifically
recognize tumor-associated pMHCs could form the basis of soluble or cell-based cancer
immunotherapies; designs targeting pathogen-derived epitopes or immunogenic self-
peptides could have applications treating infectious or autoimmune diseases, respectively.
There has been exciting recent progress designing mini-protein binders for pMHC targets
(25-27), yet there remain compelling reasons to design TCRs and antibodies for this
purpose: engineered TCRs introduced into transgenic T cells benefit from fully native
signaling pathways; there are well-established pipelines for development of antibody
therapeutics; TCRs and antibodies may be less immunogenic than fully synthetic mini-
proteins; and TCR design may yield insights into the function of natural TCRs, with
implications for disease diagnosis and basic immunology. Our structure-based pipeline for
the computational design of TCRs and antibodies that bind to pMHC targets iterates
between conformational sampling with a fine-tuned structure prediction network and
fixed-backbone sequence design. Application of this approach to nine distinct pMHC
targets produced TCR binders for 6 of them, 4 from small-scale clonal screens. Two of the
successful targets lacked a previously determined pMHC structure (Table 1), which
suggests that it should be feasible to target new and less well-characterized epitopes. A
simple extension to antibody design yielded binders from small screens for all three targets
attempted, including a highly polar peptide (ALYDKTKRI) in complex with HLA-A*02:01. The
pipeline's success in designing challenging, loop-mediated interactions at relatively high
success rates demonstrates that structure prediction algorithms like AF2 can be powerful
sampling engines for protein design, provided that sampling can be focused on relevant
conformations (here through the use of fine-tuning and pMHC docking templates) and that
sufficient diversity can be introduced (in our case through the use of diverse seed CDR3
sequences taken from natural human TCRs). Requiring only two forward passes through
the AF2 network per design or refinement simulation (Fig. 1), the ADAPT pipeline has



modest GPU hardware requirements relative to more memory-intensive gradient-
backpropagation approaches (the designs reported here were generated on commodity
NVIDIA GPUs with 11 GB of VRAM). We additionally found in preliminary testing that ADAPT
was better able to generate native-like TCR docking modes than a fine-tuned version of
RFdiffusion (Fig. S10), which may suggest that structure-prediction based design
approaches can be advantageous in geometrically-constrained settings with multiple,
diverse examples for training.

The biophysical determinants of T cell activation are incompletely understood (28). Our
large panel of ADAPT-desighed TCRs, generated without the influence of positive or
negative thymic selection, provides insight into the relationship between TCR binding and T
cell activation. We found a significant (p<10-80) positive correlation (Fig. 4D) between the
levels of on-target binding, as measured by staining with multimerized pMHC reagents, and
on-target activation from peptide-pulsing experiments. With some exceptions, designs that
showed measurable binding to their targets also mediated T cell activation by presenter
cells pulsed with target peptide. Given that all of these TCRs were designed to bind in
canonical docking modes within the envelope of previously characterized TCR structures
(Fig. 2D), our results show that binding with a canonical docking mode can support TCR
activation (29, 30). Within the range of affinities sampled by these designs, we do not see
strong evidence for additional biophysical or interface chemistry constraints beyond
canonical binding.

While the ability of our design pipeline to generate TCRs that bind pMHCs and activate T
cells is an advance for the field, there is still considerable room for improvement to
generate more specific designs. The specificity of nearly all of these in silico-generated
sequences is likely insufficient for targeted killing of specific cell populations, and hence
further optimization by experimental or computational means will be necessary. Our
pipeline could likely be improved by favoring contacts to the peptide over the MHC and by
encouraging more native-like sequences in the CDR1 and CDR2 loops (which are currently
being enriched for hydrophobic amino acids, Fig. S11). More broadly, our difficulty in
designing TCRs that activate exclusively in the presence of a target peptide highlights the
importance of negative thymic and peripheral selection steps in the development of natural
T cells.



Materials and Methods

Computational design methods

In the first stage of the pipeline, many independent docking and design calculations are
carried out, each with a different random choice of template antigen-receptor (TCR or
antibody) structure and initial CDR3 loop sequences (Fig. 1, top). The template receptor
structure determines the sequence and structure of the non-CDR framework regions and
of the CDR1 and CDR2 loops. TCR template structures were taken from the RCSB protein
databank (31). Antibody template structures and metadata were downloaded from the
SAbDab database (32). The CDR3 loop sequences, taken from a paired human T cell
receptor, are spliced into the template sequence to create a hybrid receptor sequence that
is provided to the fine-tuned AF2 network along with the sequences of the target MHC and
peptide. AF2 is run without MSA input but is provided with four multichain templates
assembled by combining sequence-similar peptide-MHC structures together with the
structure of the template receptor positioned in four different docking modes relative to the
pMHC. These four 'generic' docking geometries, which are fixed and identical for every
design calculation, were chosen to minimize the rigid-body distance to a set of canonical
ternary TCR:pMHC structures from the RCSB protein databank (31). In other words, the
four generic docks were chosen to optimally cover the space of potential docks as inferred
from experimentally determined TCR:pMHC structures. The database of paired CDR3
sequences contains 1,688,863 sequences assembled from publicly available single-cell
genomics studies on T cells (33). The fine-tuned AF2 model was trained on experimentally-
determined TCR:pMHC structures and binding data using the "alphafold_finetune"
approach described in Ref. (15) (https://github.com/phbradley/alphafold_finetune).

After AF2 docking, the sequences of the 6 CDR loops (CDRs 1-3 on both the alpha/light and
beta/heavy chains; IMGT (34) loop definitions are used) are redesigned using the
ProteinMPNN network (12) with the following parameters: temperature=0.1,
model_name='v_48_020', num_seq_per_target=3, number of edges=48, training noise
level=0.2A. After sequence design, a new docked structure is generated using AF2 with
docking templates exactly as in the initial docking step. This structure represents the final
design model, and the AF2 quality metrics are recorded for selecting the top designs.



To evaluate design model quality, the mean AF2 predicted aligned error (PAE) score for all
(PMHC,TCR) and (TCR,pMHC) residue pairs is computed. The designed sequence is also
input to a RoseTTAFold2 (RF2) model fine-tuned on antibody and TCR complex structures
(16), and the CDR3 RMSD between the design model and the RF2 prediction is calculated
after aligning on the MHC chains. Scatter plots of these design quality metrics for
representative design runs are shown in Figure S1. A single weighted ranking score is
calculated according to the formula:

ranking_score =2 * AF2_pMHC_TCR_PAE + 1 * RF2_pMHC_TCR_PAE + 0.5 * CDR3_RMSD

Minimizing this score selects for lower TCR-pMHC PAE values (ie, higher structural
confidence) and lower RMSDs (ie, greater similarity) between the AF2 and RF2 models of
the designed interface. The CDR3 RMSD value is calculated after aligning both models on
the MHC chain, so it captures both the internal conformation of the CDR3 loops as well as
their docked orientation relative to the MHC.

In the second stage of the pipeline, the top 100-500 designs by ranking score are selected
to form an initial pool for subsequent refinement with a parallel genetic algorithm. During
the refinement process, multiple independent simulations operate independently on the
pool of designs, each selecting targets for refinement from the current pool at random and
adding the refined models to the pool if they improve it, subject to a diversity constraint
that prevents a single lineage from taking over the pool. This is necessary because refined
designs do not replace their parent in the pool, which allows for intensified sampling in
promising regions. The default diversity constraint caps the number of designs allowed in
the pool from the same lineage at 10. Here a single lineage is defined as the set of all
designs descended from the same founding member of the refinement pool.

Each independent refinement trajectory consists of a perturbation, a redesign, and a
redocking calculation. Perturbation consists of randomly mutating two of the CDR
positions to new amino acids and redocking with AF2. All positions in the six CDR loops are
then redesigned with ProteinMPNN, and a final model with quality metrics is generated
with AF2 redocking and RF2 reprediction. At this point the current refinement poolis read
back into memory and any refined designs that are superior to existing pool members



replace those old designs (subject to the lineage diversity constraint). Thus a fixed pool size
is maintained during the refinement process.

Docking Geometry Analysis

The TCRdock software (14) (https://github.com/phbradley/TCRdock) was used to assign six
rigid-body docking geometry parameters to each design model and to a set of
nonredundant native class | TCR:pMHC ternary structures. In this analysis, reference
coordinate frames are first defined for the MHC and for the TCR. In both cases, the
reference frame is defined by a set of residue pairs related by an approximate C2 symmetry
axis. In the case of the MHC, these residues are taken from the antiparallel beta sheet that
forms the floor of the peptide binding groove (Fig. S12A). For the TCR, they consist of a set
of 13 structurally conserved framework positions that superimpose closely when aligning
the TCR alpha and beta chains (or their analogous aligned positions in the antibody light
and heavy chains) (Fig. S12B-C). In each case, the x-axis of the reference frame is defined
by the axis about which a rotation optimally superimposes the residue pairs (is, the
approximate symmetry axis of the residue pairs), with the frame origin and z-axis defined by
the centers of mass of the residue sets being aligned (Fig. $12D). With these choices, the
x-axes of the TCR and MHC frames are approximately aligned and antiparallel (red arrows in
Fig. S12D). Once the frames are defined, the six orientational parameters are taken to be
(1-2) the y- and z-coordinates of a unit vector from MHC to TCR represented in the MHC
local coordinate system, (3-4) the y- and z-coordinates of a unit vector from TCR to MHC
represented in the TCR local coordinate system, (5) the distance between the reference
frame origins, and (6) the dihedral angle formed by the y-axis vectors along the rotation axis
connecting the frame origins. For TCRs binding in a canonical orientation, this last
parameter clusters around 180 degrees, whereas for TCR-mimic antibodies, dihedral
angles of ~0 and ~180 degrees are observed, corresponding to the reverse and forward
docking modes, respectively.

Lentivirus preparation and transduction

Lentiviral particles were produced in HEK293T cells (ATCC, CRL-3216) using a standard
third-generation packaging system. Cells were seeded to reach ~80% confluence after 24 h



and transfected with pMD2.G (Addgene #12259), psPAX2 (Addgene #12260), and the
lentiviral transfer vector at a 2:3:4 plasmid mass ratio using Lipofectamine 3000 (Thermo
Fisher Scientific, L3000015) in Opti-MEM. 800 and 150 ng total DNA was transfected for 24-
well and 96-well scale. After 4 h, the transfection medium was replaced with fresh DMEM
containing 10% FBS and 1x penicillin—streptomycin (Thermo Fisher Scientific, 15140122) or
Antibiotic-Antimycotic (Thermo Fisher Scientific, 15240062). Viral supernatants were
harvested 36-48 h post-transfection, clarified through 0.45 um low-protein binding filters,
used fresh or aliquoted, and stored at -80 °C.

For transduction, target cells in log growth phase were resuspended in complete medium
optionally supplemented with 8 ug/mL polybrene (Santa Cruz Biotechnology, sc-134220)
and mixed with 5 to 200 uL of fresh or thawed lentivirus. Optionally, cells were spinned at
1000 x g for 2 h at 33 °C, then resuspended and incubated under standard culture
conditions. Media were refreshed after 3 h, and cells were passaged or expanded 24 h
post-infection. Puromycin selection (Thermo Fisher Scientific, A1113803) was initiated 48 h
after transduction at 500-1000 ng/mL. Transduction efficiency was assessed by flow
cytometry for mTagBFP2 expression 48 h post-transduction.

Transposon based stable cell line production

iOn plasmids (47) were co-transfected with pCAG-hyPBase at a 3:1 molar ratio using the
Lonza 4D-Nucleofector system (Lonza). For each reaction, 4 x 10° cells were used per well
in 20 yL nucleocuvettes with a total of 2 ug DNA and nucleofected according to the
manufacturer’s recommended program for the respective cell type. Following
nucleofection, cells were transferred to pre-warmed complete medium and incubated
under standard culture conditions. Cells were expanded the next day and Puromycin
selection started at 500 ng/mL 48 hours post nucleofection. For library nucleofection, a
number of 8 reactions were performed for a total of 3.2 x 10° nucleofected cells to achieve
a coverage of at least 100x of the library complexity.

Variant plasmid preparation

Plasmids containing TCR and BCR variants used in clonal assays were either obtained from
Genscript, IDT, or Twist, or cloned in house by cloning DNA fragments containing the



coding sequence into receiving vectors using golden gate assembly with Bsal. When
cloned in-house, ZymoPure Plasmid Miniprep kit (Zymo Research) was used.

Pooled plasmid cloning

The original iOn and lenti backbone were modified to enable compatibility with Bsal,
BsmBI, PaqCl Bbsl, and Sapl. Due to the higher cloning efficiency, the iOn plasmid was
used for assembling pooled libraries. Pooled libraries were obtained as linear fragments
from Twist (Multiplexed Gene Fragment product). Each DNA fragment contained four
designed sequence regions (CDR1b-FW2-CDR2b, CDR3b, CDR1a-FW2a-CDR2a, and
CDR3a), arranged in order and separated by three pairs of antiparallel Type IIS restriction
sites (BsmBI, PaqCl, and Bbsl) to enable directional Golden Gate assembly. The entire
construct was flanked by outward-facing Bsal sites and subpool-specific adapter
sequences for PCR amplification and library integration (Fig. S13). After receiving the
double stranded library, we performed gPCR to amplify the subpools corresponding to
designs made using a given framework against a specific target. Amplified subpools were
either gel extracted or purified using SPRIselect magnetic beads (Beckman Coulter) and
quality controlled with gel electrophoresis. We then performed golden gate assembly, PCR
clean-up (DNA Clean and Concentrator-5 by Zymo Research), electroporation into Endura
electrocompetent E. coli (Biosearch Technologies) and grown overnight in 37°C in shake
flasks containing media with antibiotics before harvesting and plasmid prep. We used
Plasmidsaurus whole plasmid sequencing to quality control each prep.

Cell based binding assay

Jurkat cells deficient in TRAC and TRBC containing a NFAT-RE_EGFP construct (Jurkat ab-)
were transduced with lentivirus, undergone puromycin selection, and then stained with
APC-conjugated anti-CD3 antibody (clone UCHT1 Biolegend) and PE-conjugated peptide
MHC Dextramer (Immudex) or Tetramer (Fred Hutch immune monitoring core) and
analyzed with an Attune NxT Flow Cytometer (Thermo Fisher).

TCR hits against B44-SEl targets were initially tested by transient transfection into HEK293T
cells stably expressing CD3 g, 8, ¢, y, then stained and analyzed 48h post-transfection
similar to Jurkat ab- cells.



T cell co-culture stimulation assay

Jurkat ab- cells transduced with TCRs and selected for puromycin expression were
harvested, washed, with fresh cRPMI and co-incubated with appropriate antigen
presenting cells in a ratio of 1:1 in the presence of anti-CD49d (BD Biosciences) and anti-
CD28 (BD Biosciences) each at a 1:1000 dilution. Then, appropriate peptides were pulsed
in at the desired concentration (with 1 uM as the most common concentration used) and
incubated overnight at 37°C with 5% CO2. Then the media was replaced with DPBS and the
cells were analyzed with flow cytometry to determine the fraction of EGFP+ cells among
mTagBFP2+ population. In experiments containing T cell engagers (TCEs) the appropriate
TCE protein was added at the desired concentration (50 nM as the most commonly used
concentration).

Screening scFvs through yeast display

We performed yeast surface display for screening some of the designed antibodies with the
standard protocol described in Cao et. al. (35). The scFvs were fused through the N-term to
Aga2p with a VH - GS Linker - VL orientation. Staining was performed using pMHC
Dextramers or Tetramers and anti-Myc or anti-lgG1 antibodies.

Mammalian display of antibodies

We created vectors for mammalian display of antibodies by fusing them to PDGFR
transmembrane domain in either the iOn or Lenti backbone.lgG1-Fabs and full-length
I8G1s were fused to PDGFR through the C-term of their heavy chain while the light chain
was not fused to PDGFR. Staining was performed similar to staining Jurkats harboring
TCRs.

Bi-specific T cell engager production



Chimeric I1gG based T-cell engagers were cloned by fusing an anti-CD3 scFv to the C-
terminus of the human IgG1k gene and swapping the canonical Fc domain with a silenced
Fc variant (36). These variants were first screened for binding on the HEK293T surface using
a displayed protein A based capture system. Variants with correct binding were moved
forward and protein preps for these constructs were obtained from Genscript through
CHO-S or Genewiz using Expi293 cell expression and Protein A based purification.

Affinity measurement using Surface Plasmon Resonance (SPR)

Binding affinity measurements were performed on a Biacore 8K instrument (Cytiva) at 25 °C
using HBS-EP+ buffer (10 mM HEPES pH 7.4, 150 mM NaCl, 3 mM EDTA, 0.05% v/v Tween-
20). For the A01-EVD system, human IgG1s were immobilized on a Protein A sensor chip
and serial dilutions of biotinylated peptide-MHC complexes (pMHCs) were injected as
analytes. For all other targets, biotinylated pMHCs were immobilized on a streptavidin (SA)
sensor chip and monovalent IgG1-Fab analytes were injected at multiple concentrations.
Association and dissociation phases were monitored under continuous buffer flow, and
reference subtraction (blank and control surfaces) was applied to remove nonspecific
signal. Measurements were performed using single-cycle kinetics (sequential analyte
injections without surface regeneration). Data were globally fitted using a 1:1 Langmuir
binding model to extract kinetic rate constants (k,,, koff) and equilibrium dissociation
constants (K_D). Monovalent Fabs for SPR were prepared by digestion of full-length IgG1s
(acquired from Genscript or Genewiz) with LysC or Papain and removing the undigested or
Fc portion with Protein A based agarose columns.

Cryo-EM sample preparation and data collection

Fab proteins of vVAB30 and vAB66 for structural characterization were obtained from
Genscript. The designed variable domains were fused to the human CH1 domain of IgG1
including the hinge domain, cloned in pcDNA3.4, expressed in CHO-S cells and purified
with CH1 resin.



For AO1-EVD, the pMHC protein used for cryo-EM was expressed in Expi293 cells (Thermo
Fisher Scientific). A single-chain trimer (SCT) construct (37) was cloned into the pD649
vector, consisting of the peptide, a (G;S), linker, B2-microglobulin, a (G,S), linker, the HLA-
A*01:01 a chain, and a C-terminal His tag. A total of 200 pg of SCT plasmid was transfected
into 400 million Expi293 cells following the manufacturer’s instructions. After four days,
cells were pelleted at 500 x g for 10 min, and the supernatant was collected and diluted 1:1
with PBS. 4 mL Ni—-NTA resin were added, and the mixture was incubated overnight at 4 °C
with gentle rotation. The resin was collected on a gravity column, washed once with PBS
(pH 7.2) containing 20 mM imidazole, and eluted with PBS (pH 7.2) containing 200 mM
imidazole. The eluate was concentrated using a 30 kDa cutoff filter (Millipore) and further
purified by size-exclusion chromatography on a Superdex 200 column (GE Healthcare)
using an AKTA Purifier. Fractions containing the target protein were pooled for downstream
analyses.

A02-TLM was refolded from inclusion bodies (IBs) by the as previously reported with
modifications (38). HLA A*02:01 and B-2-microglobulin (2m) were cloned into pET28a and
pETDuet vectors and expressed separately in E. coli strain BL21 as IBs. The cells were lysed
by sonication in 50 mM Tris pH 8.0, 1% v/v Triton X-100 (Sigma Aldrich), 100 mM NaCl, 5
mM MgCl2, 10 mM DTT, and 0.2 mM PMSF, and benzonase. Following lysis, EDTA was
added to 10 mM and IBs were pelleted by centrifugation at 10,000 g for 15 minutes. IBs
were washed three times in buffer containing 50 mM Tris pH 8.0, 0.5% Triton X-100, 100 mM
NaCl, 1 mM Na-EDTA, 1 mM DTT, and 0.2 mM PMSF, and once in the same buffer omitting
the Triton X-100. IBs were solubilized in 8 M urea, 50 mM Tris pH 8.0, 0.5 M EDTA, and 1 mM
DTT and stored as frozen aliquots.

To refold, 20 mg of TLM peptide (Genscript) in DMSO was added dropwise to 400 ml
refolding buffer (100 mM Tris pH 8.0, 2 mM EDTA, 5 M urea, 500 mM L-arginine HCL, 0.2 mM
PMSF, 1x protease inhibitor cocktail (Sigma)) stirring at 4°C. This was followed by addition
of 0.5 mM oxidized and 5 mM reduced glutathione. Aliquots containing 20 mg of HLA
A*02:01 and of B2m were mixed and added dropwise. The refolding reaction was left
stirring overnight, then dialyzed for two days at 4° C against 4 L of 100 mM Tris, pH 8.0, with
three changes of buffer. The dialyzed protein was filtered with a 0.45 pm PMSF filter and a
glass prefilter, concentrated using 10,000 MWCO centrifugal filters (Amicon), injected onto
a Mono Q column (Cytiva) and eluted with a gradient to 400 mM NaCl. Protein-containing
fractions were further purified on a Superdex S200 Increase column (Cytiva).



A plasmid encoding the B2m-targeting nanobody ADO01 (39) was transiently transfected into
expi293 cells. Supernatant was harvested after five days, passed over a Ni-IMAC resin
(Thermo Scientific) and eluted with 250 mM imidazole in 150 mM NaCl, 10 mM HEPES pH
7.3 (HBS). Protein was concentrated and injected on a Superdex S75 Increase column
(Cytiva) in HBS buffer.

Protein complexes for cryoEM were prepared by combining equimolar amounts of Fab,
pMHC, and nanobody ADO1, and purifying by size exclusion chromatography on a Superdex
S200 Increase column (Cytiva). Complex formation and purity was assessed by SDS-PAGE.

To prepare cryo-EM specimens, 3.0 yL of each protein complex was applied to glow-
discharged Quantifoil Au R1.2/1.3, 200-mesh (vAB-30) or 300-mesh (VAB-66) grids. Excess
liguid was blotted for 1.0 s with filter paper, and grids were plunge-frozen in liquid ethane
cooled by liquid nitrogen using a Vitrobot Mark IV (Thermo Fisher Scientific) operated at 8
°C and 100% humidity. Data were collected on a Titan Krios electron microscope (Thermo
Fisher Scientific) operating at 300 kV and equipped with a Gatan K3 direct electron
detector. Movies of the vAB-30/A01-EVD and vAB-66/A02-TLM complexes were recorded in
super-resolution mode with SerialEM (40), at calibrated pixel sizes of 0.4135 Aand0.94A,
respectively. Patch motion correction was applied with binning to physical pixel sizes of
0.827 A and 1.88 A. Each movie stack contained 50 frames, with total exposures of 60 e /A?
(vAB-30) or 50 e"/A? (VAB-66), and defocus values ranged from -1.0 to -2.0 um (vAB-30) or -
0.8 to -2.0 uM (VAB-66). All movies were processed and quality-assessed in cryoSPARC
Live.

For the vAB-30/A01-EVD dataset, 5,682 aligned micrographs were retained for further
processing in cryoSPARC (41). A total of 4,636,242 particles were initially extracted using a
320/160 binned box. After two rounds of 2D classification, 1,864,082 particles were
selected and subjected to non-uniform (NU) refinement, yielding a 3.4 A reconstruction.
Refinement employed multiple references, including one accurate and two biased models
(42). Following duplicate removal, 1,317,109 particles remained. Re-extraction with a
320/240 binned box was followed by global CTF refinement, local CTF refinement, and NU-
refinement, resulting in afinal map at 2.6 A resolution (Fig. S14). CryoEM maps have been
deposited in the electron microscopy databank (EMDB) with accession EMD-73460 and
movie stacks at the Electron Microscopy Public Image Archive (EMPIAR).



For the vVAB-66/A02-TLM, 10,869 alighed micrographs were retained for further processing
in cryoSPARC. An initial set of 639,144 blob-picked particles was 2D-classified and used as
templates for picking a full 6,762,438 particle set extracted in a 256 pixel box downsampled
to 72 pixels. This was reduced through two rounds of 2D classification to 1,807,378
particles, then by two rounds of heterogenous 3D refinement to 880,830 particles, with
reextraction to a 256/200 pixel box. Particles were finally extracted without downsampling,
followed by global CTF refinement, local CTF refinement, and NU refinement, resulting in a
finalmap at 2.5 A resolution (Fig. S15). CryoEM maps have been deposited in the EMDB
with accession EMD-73458 and movie stacks at EMPIAR.

Model building and refinement

For the vAB-30/A01-EVD structure, predicted atomic models of the complex were docked
into the cryo-EM density maps, while for the vAB-66/A02-PAP structure model components
from PDB IDs 7YV1, 3SOB, 7SRO, and 9NMV were docked into the map, using UCSF
ChimeraX (43), followed by manual adjustment and rebuilding in COQT (44). Real-space
refinement was carried out in PHENIX with secondary structure and geometry restraints
applied (45). Model validation was performed with MolProbity, including assessment of
Ramachandran statistics and overall scores (Table S4) (46). Coordinates have been
deposited in the protein databank with accessions 9YTF (VAB-30/A01-EVD) and 9YTD (vAB-
66/A02-PAP).
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Fig. 1. The ADAPT pipeline. In the design stage (top), many independent design
simulations are conducted with different template structures for the TCR or antibody
framework regions and different starting CDR3 sequences. Together with the pMHC target,
these inputs determine the complete sequence of the system, which is modeled with a
version of Alphafold2 (AF2) that was fine-tuned on TCR:pMHC structures and binding data
("Dock" arrow). Sampling of canonical docking geometries is encouraged by providing AF2
with four generic TCR:pMHC docking orientations spanning the observed docking modes in
native structures ("TCR docking templates"). After docking, the sequence of the CDR1, 2,
and 3 loops is optimized with the ProteinMPNN algorithm ("Design"). The structural model
is then updated ("Redock"), and design quality is assessed using AF2 and RoselTTAFold2
("Evaluate"). In the refinement stage (bottom), the highest quality designs are iteratively
refined by a genetic algorithm that includes random interface mutations followed by AF2
redocking ("Perturb") and CDR sequence redesign ("Redesign").
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Fig. 2. Designed TCRs bind their targets. (A) For six representative designed TCRs, one
from each successful pMHC target, are shown design models (MHC in yellow, peptide in

orange, TCRa in green, and TCRp in blue) and flow cytometry binding histograms for on-

target (blue) and off-target (orange) pMHC multimers. (B) Summary bar plots of on- and off-
target binding for 35 selected designs along with a dendrogram of their sequence
relationships. (C) Scatter plot of on- vs off-target binding for a larger set of successful and

failed designs, colored by pMHC target. (D) Docking geometry landscape of native
TCR:pMHC interfaces (gray points) and designed TCR interfaces (colored by pMHC target)
visualized by projecting the 6-dimensional rigid-body transform space to its top 2 principal
components (PC1 and PC2). (E) Heatmap showing all-vs-all flow-cytometric binding data
(percent cells bound by pMHC target) when the six representative designs are paired with
all six pMHC targets.
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Fig. 3. Designed antibodies bind their targets. (A) For three representative designed
antibodies, one from each pMHC target attempted, are shown design models and flow
cytometry binding histograms for on-target (blue) and off-target (orange) pMHC multimers.
(B) Summary bar plots of on- and off-target binding for 13 selected designs along with a
dendrogram of their sequence relationships. (C) Heatmap showing all-vs-all flow-
cytometric binding data (percent cells bound by pMHC target) when the three
representative antibodies are paired with all three pMHC targets. (D) Structural comparison
of cryoEM structure (in gray) and design model (MHC in yellow, peptide in orange, heavy
chain in blue, and light chain in green) for designed antibody vAB-30 bound to the HLA-
A*01:01-EVDPIGHLY pMHC complex. (E) Structural comparison of cryoEM structure and
design model (same colors as in panel d) for designed antibody vAB-66 bound to the HLA-
A*02:01-TLMSAMTNL pMHC complex. (F) Docking geometry landscape of native
TCR:pMHC interfaces (gray points) and designed antibody:pMHC interfaces (colored by
pMHC target) visualized by projecting the 6-dimensional rigid-body transform space to its
top 2 principal components (PC1' and PC2') after excluding rotations about the antibody
pseudosymmetry axis. The excluded rigid-body dimension differentiates between forward-
docking antibodies (disks) and reverse-docking antibodies (x's); canonical native
TCR:pMHC complexes are forward docking). (G) Heatmap of induced activation for bi-
specific T cell engager (BIiTE) constructs incorporating three designed antibodies (rows) in
the presence of presenter cells pulsed with various target peptide variants (columns). (H)
Design model for vAB-246 antibody bound to A02-ALY pMHC shows more contacts at
peptide positions whose mutation to alanine reduces T cell activation in the presence of
the vAB-246 BIiTE construct (R8 and K7 versus T6 and D4).
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Fig. 4. Desighed TCRs activate T cells. (A) Scatter plot (colored by pMHC target) of T cell
activation (percentage of transgenic T cells expressing a GFP activation marker) measured
by flow cytometry for T cell populations expressing individual TCR designs in the presence
of presenter cells pulsed with target peptide (x-axis) or presenter cells alone (y-axis). (B)
Flow cytometry cell density histograms of activation marker expression for four designs
(named in panel titles) with varying levels of off-target activation in the absence of target
peptide. (C) Scatter plot of T cell activation in the presence or absence of pulsed target
peptide colored by a measure of on-target binding strength for the corresponding TCR
design (percentage TCR-transgenic cells bound by multimerized pMHC target). (D) Scatter
plot of on-target binding (percentage multimer-bound cells) versus on-target activation
(percentage activation-marker expressing cells) shows positive correlation across different
TCR designs (colored by pMHC target). (E) T cell activation percentage for different A02-
ALY-targeting designed TCRs or a wildtype antiviral TCR (rows) as a function of pulsed
peptide identity (columns). Pulsed peptides include (left to right) the ALY target peptide
from TdT, 5 alanine variants at positions 4-8, similar peptides from the human proteome,
and the viral peptide target of the TCR template used for several of the designs (PDBID
3gsn). Rows labeled with the target, design name, and TCR template on which the design
was based (3gsn or 7rrg) or "3gsn_wt" for the wildtype antiviral TCR from the 3gsn PDB
structure. (F) The design model of the var_619:pMHC interface shows that peptide
positions where alanine mutations disrupt activation (K5/K7/R8) tend to have more
interface contacts than positions like T6 where mutations are tolerated.



Tables

Table 1. TCR design targets and outcomes

MHC Peptide Success rate Peptide source Successful templates® Template pMHC
structure available
A*01:01 EVDPIGHLY 16.7% (clonal) MAGE-A3 (CAA") 5BS0 [A*01:01] YES
10GA[A*02:01]
A*02:01 TLMSAMTNL 20.0% (clonal) PAP (CAA) 3QDG [A*02:01] YES
5BS0 [A*01:01]
70W6 [A*11:01]
A*02:01 ALYDKTKRI 0.3% (library) TdT (CAA) 3GSN [A*02:01] NO
7RRG [A*03:01]
A*02:01 GLMWLSYFV 4.2% (clonal) SARS (viral) 7N2R [B*27:05] YES
A*02:01 HMTEVVRHC 0% (library) p53 (NEO?) none YES
A*02:01 LLWNGPIAV 20.8% (clonal) YFV (viral) 5EU6 [A*02:01] YES
5BS0 [A*01:01]
A*03:01 ALHGGWTTK 0% (clonal) PIK3CA (NEO) none YES
A*11:01 VVVGADGVGK 0% (clonal) KRAS (NEO) none YES
B*44:02 SEITKQEKDF 0.1% (library) PIK3CA (NEO) 5BS0 [A*01:01] NO

'CAA = cancer-associated antigen

2NEO = cancer neoepitope

3The native MHC restriction of each template is given in brackets

“The 5BS0 template is a MAGE-A3 reactive TCR, which may have increased success rates for this target/template combination.




Table 2. Antibody design targets and outcomes

MHC peptide Success rate Successful templates’ Successful binding RMSDs to cryoEM
orientations structure?
A*01:01 EVDPIGHLY 6.25% (clonal) 6YIO [CD25] Forward VAB-30: 0.7A, 0.6A
7LSG [TBEV EDIII]
A*02:01 TLMSAMTNL 8.33% (clonal) 7YV1 [K-Ras] Reverse VAB-66: 0.6A, 1.2A
A*02:01 ALYDKTKRI 5.21% (clonal) 7KQL [Tim-3] Forward + Reverse -
7SSC [HCMV peptide]
7YV1 [K-Ras]

"The target of the wild-type antibody template is given in brackets. None of the wild-type targets are pMHC complexes.

2The global Ca-RMSD and the Ca-RMSD for the CDR loops after aligning on the MHC
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Fig. S1. Design quality metrics before and after refinement. (A) Scatter plots of AF2
predicted aligned error (PAE) between TCR and pMHC (x-axis) versus RF2 PAE between TCR
and pMHC (y-axis) for pre- and post-refinement designs (left and right columns,
respectively). Each dot represents an individual design. Scatter plots are colored by the
number of refinement cycles (top row), the CDR3 RMSD between the AF2 and RF2 models
of the design (middle row, calculated after superimposing on the MHC), and the design
ranking score (bottom row), which is a weighted combination of the two inter-PAE values
and the CDR3 RMSD (see Methods). (B) Scatter plots of design metrics (y-axis) as a
function of the number of refinement cycles (x-axis); pre-refinement designs are plotted at
x=0.
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Fig. S2. Representative pMHC binding data for 35 desighed TCRs analyzed by flow
cytometry. TCR surface expression as measured by CD3 staining is plotted on the x-axis;
on- or off-target binding to multimerized pMHC is plotted on the y-axis. Cells gated as TCR-
positive are shown in blue (if gated as pMHC-negative) or red (if gated as pMHC-positive).
Labels in the upper left corner represent the percentage of TCR-positive cells that are
pMHC positive.
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Fig. S3. Comparison of docking geometries in desigh models and their framework-
region template structures. (A) Scatter plot of the top two of 6 principal components of
the TCR:pMHC rigid-body docking space for binding modes from a set of successful design
models (disks colored by the native structural template for their framework region) and a
set of native class | TCR:pMHC structures (gray disks and colored Xs for those template
TCRs). Designed binding modes are not simply borrowed from the framework template, as
expected since only the internal coordinates of the template TCR, and not the docking
geometry, are supplied to AF2 during ADAPT design. (B-C) Example superpositions of
design models (cyan and orange) and framework template structures (gray), aligned on the
MHC chain.
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Fig. S4. Retrospective analysis of TCR and antibody desighs with Alphafold3. (A) The
default Alphafold3 pipeline was used to predict the designed interface structures using as
input only the designed sequences (without interface templates or fine-tuning). Ca-RMSD
values calculated over the CDR loops after alighing on MHC (y-axis) were below 1A for
nearly all the designs, and interface confidence was high as indicated by ipTM scores (x-
axis) consistently above 0.9. (B) Heatmaps of experimental binding (left) and AF3 ipTM
scores (right) for all 6x6=36 pairings of the 6 pMHC targets and a single representative TCR
design for each. Ranking the possible pairings by ipTM and considering the designed
interactions (diagonal entries) as true interactions gives an area under the receiver
operating characteristic curve (AUROC) value of 0.975. (C) Experimental (left) and AF3-
simulated (right) cross-binding heatmaps for three pMHC targets and a single
representative antibody design for each. Ranking the possible pairings by AF3 ipTM score
gives an AUROC of 1.0 for discriminating the designed pairings (i.e., the diagonal of the
heatmap) from off-target interactions (off-diagonal entries in the heatmap).
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Fig. S5. Comparison of Alphafold interface metrics for working and non-working
designs. Scatter plots of Alphafold2 (x-axis) versus Alphafold3 (y-axis) TCR-pMHC interface

PAE scores for working and non-working designs; lower values indicate lower predicted

error and hence higher confidence in the designed interface. Raw PAE values are raised to

the 1/4th power to focus on the lowest scores and compress the higher scores

corresponding to low-confidence designs. Area under the receiver operating characteristic

curve (AUROC) values measuring discrimination of working from non-working designs are

provided in the corresponding axis labels. Discrimination of working designs is modest for
clonal TCR designs (A) but stronger for TCR libraries (B) and antibodies (C).
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Fig. S6. Representative pMHC binding data for 12 desighed antibodies analyzed by
flow cytometry. IgG surface expression is plotted on the x-axis; on- or off-target binding to
multimerized pMHC is plotted on the y-axis. Cells gated as IgG-positive are shown in blue
(if gated as pMHC-negative) or red (if gated as pMHC-positive). Labels in the upper left
corner represent the percentage of IgG-positive cells that are pMHC positive.
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Fig. S7. Surface plasmon resonance (SPR) analysis of designed antibody-pMHC
interactions. Binding responses were measured on a Biacore 8K at 25 °C in HBS-EP+
buffer. For the AO1-EVD system (top row), IgG1s were captured on a Protein A chip and
monovalent biotinylated A01-EVD analytes were injected. For all other targets (A02-TLM,
A02-ALY), biotinylated pMHCs were immobilized on a streptavidin chip and IgG1-Fab
analytes were tested using single-cycle kinetics. Raw sensorgrams (purple) and global 1:1
Langmuir fits (maroon) are shown with dissociation constants (Kd) indicated.



Fig. S8. CDR loop interactions with pMHC in cryoEM structures. MHC is shown in pale
yellow, peptide in orange, Fab heavy chains in blue, and Fab light chains in green. Contacts
to pMHC from the heavy chain are shown as light blue and from the light chain are shown
as light green. (A) vAB-30/A01-EVD (B) vAB-66/A02-TLM.
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Fig. S9. Representative T cell activation data for 35 desighed TCRs analyzed by flow
cytometry. TCR surface expression as measured by CD3 staining is plotted on the x-axis; T
cell activation (NFAT RE eGFP expression) is plotted on the y-axis. Cells gated as TCR-
positive are shown in red if gated as active or blue otherwise. Labels in the upper left corner
represent the percentage of TCR-positive cells that are activated. The two panels for each
design represent activation in the presence or absence of pulsed target peptide.
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Fig. S10. Comparison between RFdiffusion- and ADAPT-generated TCR:pMHC binding
modes. A version of RFdiffusion that was fine-tuned on native TCR:pMHC complexes
generated reversed binding modes at higher frequencies than the ADAPT pipeline (left
panel). Reprediction of designed binding modes by RosettaFold2 was less successful for
RFdiffusion designs than for ADAPT-generated designs as measured by higher docking
RMSD values between the design model and the RF2 prediction (right panel).
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Supplementary Figure 11. The CDR loops of desighed TCRs and TCR-mimic antibodies
are more hydrophobic than those of native TCRs. Smoothed kernel density estimates of
CDR loop hydrophobicity as measured by the fraction of CDR loop positions occupied by
the amino acids {V,I,L,M,FW,Y,C}. Interestingly, native TCR-mimic antibodies show even
greater CDR loop hydrophobicity (orange dashed line).






Fig. S12. Construction of reference coordinate frames for MHC and TCR structures. As
described in the Methods, the reference frames are defined by the approximate 2-fold
symmetry axis relating a set of corresponding residue pairs in the MHC beta sheet (A) and
in the TCR alpha and beta chain framework regions (B-C). (D) The frame origin is located at
the center of mass of the aligned residues. The x-axis (red arrow) is parallel to the symmetry
axis, and the z-axis (blue arrow) is directed between the centers of mass of the individual
residue subsets (ie, from the N-terminal to C-terminal MHC beta-sheet halves and from the
TCR alpha to beta chains).
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Fig. $S13. Schematic layout of pooled fragment design. CDR1b-FW2-CDR2b, CDR3b,
CDR1a-FW2a-CDR2a, and CDR3a sequences corresponding to the designed TCRs with a
specified framework were interspersed with golden gate assembly sites to enable
sequential cloning for integrating the invariant intermediating DNA fragments as described
in Methods.
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Fig. S14. Workflow for cryo-EM data processing for vAB-30/A01-EVD complex. (A) A
representative micrograph of the vAB-30/A01-EVD complex. Scale bar =70 nm. (B)
Representative 2D class averages illustrating the varied orientations of the vAB-30/A01-
EVD. (C) Flow chart for data processing of the vAB-30/A01-EVD complex. (D) Gold standard
FSC curve illustrating the resolution determination for the vAB-30/A01-EVD complex,
achieved through iterative 3D refinement. The resolution at the FSC 0.143 criterion is 2.6 A.
(E) Angular distribution of the particles used for the final reconstructions.
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Fig. S15. Workflow for cryo-EM data processing for vAB-66/A02-TLM complex. (A) A
representative micrograph of the vAB-66/A02-TLM complex. Scale bar =50 nm. (B)
Representative 2D class averages illustrating the varied orientations of the vAB-66/A02-
TLM. (C) Flow chart for data processing of the vAB-66/A02-TLM complex. (D) Final map
colored by local resolution. (E) Gold standard FSC curve illustrating the resolution
determination for the vAB-66/A02-TLM complex, achieved through iterative 3D refinement.
The resolution at the FSC 0.143 criterion is 2.5 A. (F) Angular distribution of the particles
used for the final reconstructions.



Supplementary Tables

Table S1. Off-target peptides for flow cytometry binding experiments.

MHC Peptide Off-target MHC Off-target peptide
A*01:01 EVDPIGHLY A*01:01 ESDPIVAQY
A*02:01 TLMSAMTNL A*02:01 NLVPMVATV
A*02:01 ALYDKTKRI A*02:01 SLLMWITQC
A*02:01 GLMWLSYFV A*02:01 SLLMWITQC
A*02:01 LLWNGPIAV A*02:01 SLLMWITQC
B*44:02 SEITKQEKDF A*01:01 EVDPIGHLY




Table S2. Desighed sequence changes in the CDR loops.

Loop Number of mutations per loop Percent mutated positions per loop
mean (min - max) mean (min - max)
CDR1A |5.0(2-7) 79.8% (33.3% - 100.0%)
CDR2A |5.1(3-8) 76.5% (42.9% - 100.0%)
CDR3A'" [8.8(6-10)2 88.7% (80.0% - 100.0%)
CDR1B [3.5(2-5) 70.0% (40.0% - 100.0%)
CDR2B [4.4(3-6) 73.2% (50.0% - 100.0%)
CDR3B' [7.4(4-10)? 82.8% (50.0% - 100.0%)

'CDRS statistics exclude the first three ('CXX') and last two (typically 'XF') positions, which
are not varied in the design process.

2CDR3 mutation counts include indels since the length of the designed loop does not

necessarily match the length of the CDR3 in the framework template.




Table S3. Antibody binding affinities from surface plasmon resonance.

Complex Analyte Ligand Kd (nM)
vAB-5: A0O1-EVD monovalent pMHC 1gG 83
vAB-28: AO1-EVD monovalent pMHC 1gG 284
vAB-30: AO1-EVD monovalent pMHC 1gG 656
vAB-66: A02-TLM monovalent IgG Fab pMHC 151
vAB-68: A02-TLM monovalent IgG Fab pMHC 157
vAB-69: A02-TLM monovalent IgG Fab pMHC 409
vAB-72: A02-TLM monovalent IgG Fab pMHC 520
vAB-220: A02-ALY monovalent IgG Fab pMHC 747
VvAB-246: A02-ALY monovalent IgG Fab pMHC 393
vAB-247: A02-ALY monovalent IgG Fab pMHC 5
vAB-250: A02-ALY monovalent IgG Fab pMHC 23




Table S4. Summary of cryoEM data collection and model statistics.

vAB-30/A01-EVD

vAB-66/A02-TLM

EM equipment

FEI Titan Krios

FEI Titan Krios

Voltage (kV) 300 300
Detector K3 Falcon 4i
Pixel size (A) 0.827 0.94
Electron dose (e'/A2) 60 50
Defocus range (um) (-1.0, -2.0) (-0.8, -2.0)
Reconstruction
Software CryoSPARC CryoSPARC
Number of used Particles 1,317,109 880,830
Map sharpening Method deepEMhancer Uniform
(visualization)
Final Resolution (A) 2.6 2.5

Model building and refinement

Software

PHENIX & COOT

PHENIX & COOT

Initial models used (PDB codes)

Predicted structure

3S0B, 7YV1, 7SRO, SNMV

Model composition

Non-hydrogen atoms 7270 7368
Protein residues 932 933
Water molecules 0 64
B factors (A2?)

Protein 47.37 39.28
Water —— 35.36




R.m.s deviations

Bonds length (A) 0.004 0.003
Bonds Angle (} 0.503 0.548
Ramachandran plot statistics (%)

Preferred 98.04 98.70
Allowed 1.96 1.30
Outlier 0.00 0.00
Validation

Molprobity score 1.24 1.17
Clash score 4.62 2.51
Rotamer outliers (%) 0.00 1.49




Discussion

In this work, we demonstrate that combining structural reasoning with wetlab labeled data
during model training can drastically assist in protein prediction and design tasks.
Specifically, we show that fine-tuning structure prediction networks on peptide-MHC
binding information produces a hybrid model that retains the geometric priors of deep
structural networks while incorporating new biochemical constraints from experimental
data. This enables highly accurate peptide-MHC binder discrimination, robust
generalization across alleles and peptide lengths, and even cross-domain transfer to
systems such as PDZ and SH3 domains, illustrating how structural models enriched with
labeled data can overcome limitations faced by sequence-only approaches.

And we show that these same principles extend beyond prediction into design. Using
structure-guided conformational sampling and sequence diversification across templates
and CDR loops, the ADAPT design pipeline produces de novo TCRs and TCR-mimic
antibodies with native-like binding geometries to targeted peptide-MHC complexes. These
designs demonstrate atomic-level agreement in structural validation and functional
activity in T-cell assays, revealing that structure-based generative pipelines can navigate
the stringent geometric and biochemical constraints of the pMHC interface and
highlighting both the power and the remaining challenges of creating highly specific, potent
immune receptors.

Despite these advances, several limitations remain. Fine-tuning structural models on
peptide-MHC binding data improves discrimination, but the approach still depends on the
availability, quality, and coverage of wet-lab measurements, which remain uneven across
MHC alleles and peptide lengths. The model also inherits biases from both the structure
predictor and the experimental datasets, which may affect generalization to rare alleles,
low-abundance peptide registers, or unconventional binding modes. On the design side,
while the ADAPT pipeline can generate receptors with accurate geometries and functional
activity, achieving strict specificity without off-target activation remains challenging, and
the current framework does not yet incorporate affinity tuning, developability constraints,
or comprehensive off-target profiling. Additionally, experimental validation—particularly
high-resolution structural determination—remains rate-limiting compared to the speed of
computational generation. Addressing these limitations will require integrating more



diverse training data, expanding cross-reactivity modeling, and incorporating downstream
engineering constraints directly into the generative process.

We hope that these advances enable next-generation targeted immune therapies and
establish a generalizable framework for programmable molecular recognition across
diverse therapeutic and synthetic-biology applications.



