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Abstract

T cells are a critical component of the adaptive
immune system, playing a role in infectious dis-
ease, autoimmunity, and cancer. T cell function
is mediated by the T cell receptor (TCR) pro-
tein, a highly diverse receptor targeting specific
peptides presented by the major histocompati-
bility complex (pMHCs). Predicting the speci-
ficity of TCRs for their cognate pMHCs is cen-
tral to understanding adaptive immunity and
enabling personalized therapies. However, ac-
curate prediction of this protein-protein inter-
action remains challenging due to the extreme
diversity of both TCRs and pMHCs. Here,
we present InmSET (Immune Synapse Encod-
ing Transformer), a novel sequence-based archi-
tecture designed to model interactions among
sets of variable-length biological sequences. We
train this model across a range of dataset sizes
and compositions and study the resulting mod-
els’ generalization to pMHC targets. We de-
scribe a failure mode in prior sequence-based
approaches that inflates previously reported
performance on this task and show that Imm-
SET remains robust under stricter evaluation.
In systematically testing the scaling behavior
of ImmSET with training data, we show that
performance scales consistently with data vol-
ume across multiple data types and compares
favorably with the pre-trained protein language
model ESM2 fine-tuned on the same datasets.
Finally, we demonstrate that ImmSET can
outperform AlphaFold2 and AlphaFold3-based
pipelines on TCR-pMHC specificity predic-
tion when provided sufficient training data.
This work establishes ImmSET as a scalable
modeling paradigm for multi-sequence inter-
action problems, demonstrated in the TCR-

MGARCIANOCEDA@ADAPTIVEBIOTECH.COM
MNOAKES@ADAPTIVEBIOTECH.COM
AFIGPOPEQADAPTIVEBIOTECH.COM
DMATTOX@ADAPTIVEBIOTECH.COM
BHOWIE@QADAPTIVEBIOTECH.COM
HROBINS@QADAPTIVEBIOTECH.COM

pMHC setting but generalizable to other biolog-
ical domains where high-throughput sequence-
driven reasoning complements structure predic-
tion and experimental mapping.

Keywords: T cell receptor (TCR), Peptide-
MHC (pMHC), Immunoinformatics, Protein-
protein interaction, Sequence representation
learning, Scaling Laws

Data and Code Availability This study uses
a proprietary dataset of TCR-pMHC interactions
generated by the MIRA (Klinger et al., 2015) and
pairSEQ (Howie et al., 2015) assays. This data is
comprised of the amino acid sequences of TCRs and
pMHCs, along with the binary labels of whether (pos-
itive) or not (negative) the particular TCR-pMHC
combination will elicit activation of a CD8"T T cell.
For results obtained using the IMMREP25 dataset,
that dataset is publicly available (Noakes et al.,
2025).

The code from this study will not be made avail-
able.

Institutional Review Board (IRB) The re-
search presented in this study does not require IRB
approval.

1. Introduction

Many clinically important prediction problems hinge
on how multiple biological segments interact rather
than properties of any single component in isolation.
In immunology, one of the most challenging examples
is predicting T cell receptor (TCR) recognition of
peptide-major histocompatibility complex (pMHC)
ligands, the interaction that determines whether a T
cell initiates an immune response (Gray et al., 2025).
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Each T cell carries a unique receptor built from two
protein chains, o and 8 (TCRa and TCRg), that
together contribute six complementarity-determining
regions (CDRs). These hypervariable loops scan pep-
tides displayed by human leukocyte antigen (HLA)
proteins on other cells, acting as a sentinel for in-
fection, cancer, and other abnormalities. In can-
cer immunotherapy, vaccine development, and au-
toimmune disease research, a critical barrier is the
ability to anticipate responses to previously unstud-
ied peptides (Hudson et al., 2023). For exam-
ple, the broad category of cancer neoantigens com-
prises tumor-specific peptides arising from subtle al-
terations of self-proteins and therefore falling out-
side any pre-computable library of targets (Xie et al.,
2023). The scale of this problem is staggering: the
theoretical diversity of the TCR repertoire exceeds
10*® unique sequences (Valkiers et al., 2022), while
deep sequencing has revealed that each person ex-
presses on the order of 10® unique TCRs (Sun et al.,
2022). The peptide space is likewise astronomical.
Considering 8-10 amino acid peptides, even if only
0.01% of these are processed and presented in a bio-
logically relevant context, this still leaves on the order
of 109 potential peptide targets (Sewell, 2012).

Despite decades of research, there are no simple
rules governing TCR-pMHC recognition (Gray et al.,
2025). Recent work shows that even weaker-binding
TCR-~-pMHC interactions can sometimes be more re-
silient under force than stronger ones, underscoring
that binding strength alone does not predict activa-
tion (Pettmann et al., 2023). Functional responses
may depend on multiple transient binding events and
distinct conformations—different three-dimensional
arrangements of the same molecules—rather than
a single stable geometry (Siller-Farfan and Dushek,
2018; Buckle and Borg, 2018). Structure-based tools
like AlphaFold (Jumper et al., 2021; Abramson et al.,
2024) have been transformative for protein science,
but they are optimized to predict a single struc-
ture per complex (Masrati et al., 2021). Capturing
the full dynamic landscape underlying TCR-pMHC
recognition would require modeling multiple confor-
mations or running molecular dynamics (MD) sim-
ulations, which is computationally intensive even
for a single interaction (Hollingsworth and Dror,
2018). Empirically, existing AlphaFold-based pre-
dictors demonstrate some ab initio skill at predict-
ing TCR-pMHC interaction but fall short of the high
classification skill requisite for many practical appli-
cations (Bradley, 2023; Yin et al., 2023). Generating

additional structure data through crystallography or
cryo-EM is impractically expensive as a data-driven
solution to further optimizing these models (Wang
et al.,, 2021). In contrast, sequence-labeling assays
determining the sequence but not the structure of
interacting TCR-pMHC complexes are scalable and
cost-effective (Klinger et al., 2015). A sequence-based
model capable of improving through training on high
throughput labeled sequence data would provide a
powerful complement to structure prediction, espe-
cially for tasks like repertoire-level screening or safety
evaluation, where millions of candidate interactions
must be scored rapidly (June et al., 2018).

In this work, we introduce ImmSET (Immune
Synapse Encoding Transformer), a transformer-
based architecture designed for modeling interactions
among sets of variable-length biological sequences
with known or inferable roles while maintaining ro-
bustness for inference with partial inputs. Instead of
first encoding each segment independently and only
combining them at a later stage, ImmSET encodes
sequences jointly from the outset, allowing the model
to capture cross-segment dependencies throughout.
This design avoids imposing a fixed contact graph
or assuming a single “correct” structure, making it
particularly well-suited for systems where function
arises from dynamic and context-dependent interac-
tions. To reduce biological variability while demon-
strating a generalizable modeling paradigm, we focus
on TCR-pMHC prediction in the exclusive context
of HLA-A*02:01 — one of the most prevalent class I
HLA alleles globally — and train on large, high-quality
datasets of TCR-pMHC interactions. Despite be-
ing trained exclusively on A*02:01, ImmSET gener-
alizes to other HLA contexts, capturing shared prin-
ciples of TCR recognition. Our evaluation reveals
a failure mode in prior sequence-based approaches
that inflates reported metrics. We show that Imm-
SET remains robust under stricter evaluation, gener-
alizing to peptides far outside the training distribu-
tion. We demonstrate predictable scaling with addi-
tional training data, with ImmSET consistently out-
performing the pre-trained protein language model
ESM2 (Lin et al., 2023) fine-tuned on the same
datasets. Finally, InmSET achieves over four orders
of magnitude faster inference than structure-based
pipelines while establishing state-of-the-art perfor-
mance: it outperforms confidence-based AlphaFold2
and AlphaFold3 pipelines specialized for TCR-pMHC
modeling (Bradley, 2023; Yin et al., 2023) on HLA-
A*02:01 prediction tasks.
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2. ImmSET Architecture

ImmSET is a transformer-based encoder and train-
ing framework designed to predict T cell activation
directly from the TCR and pMHC amino acid se-
quences while scaling effectively with larger datasets.
A central design goal is to encourage models to learn
cross-chain dependencies — critical for pMHC recog-
nition — while avoiding rigid inductive biases that
may perform well in small data regimes but bottle-
neck scaling as datasets grow. Given that our under-
standing of TCR-pMHC biology remains incomplete
and continues to evolve (Gray et al., 2025), Imm-
SET emphasizes a flexible, data-driven design that
can adapt and improve as more labeled data becomes
available. To achieve this goal, InmSET introduces
several novel design elements which contribute in to-
tal toward its performance on the TCR-pMHC task
(Appendix H). A schematic overview of ImmSET is
shown in Figure 1.

2.1. Auxiliary objectives for interaction
learning

To encourage inter-sequence reasoning without im-
posing a fixed interaction graph, ImmSET incorpo-
rates two auxiliary objectives in addition to the pri-
mary classification loss. These auxiliary losses are ap-
plied only to positive (activation) examples to avoid
introducing misleading correlations from negatives.
Additional implementation details and training set-
tings for these objectives are provided in Appendix A.

Masked Language Modeling (MLM): Individ-
ual amino acids within each chain are masked and
predicted from their full multi-chain context. The
MLM loss is computed separately for each chain,
allowing chain-specific weighting so gradients from
smaller chains (e.g., peptide) are not diluted by those
from larger chains (e.g., HLA). This ensures that all
chains contribute proportionally to their biological
relevance.

Complete Segment Masking (CSM): Entire
segments (e.g., the peptide) are masked and recon-
structed from the remaining inputs, explicitly pres-
suring the model to learn cross-segment dependen-
cies. This task is absent in existing pretrained protein
language models, which focus solely on token-level re-
covery and do not enforce inter-segment integration.
CSM is particularly important in cases where short,
hypervariable regions interact with much longer,
more conserved sequences. Without explicit pressure

to model these interactions, models can default to
relying on features from a single dominant or sta-
ble segment, overlooking critical context provided by
smaller, variable segments.
The overall objective function combines classifica-
tion, MLM, and CSM losses as a weighted sum:
E - >\cls ﬁcls + )\mlm Emlm + )\csm L:csm (1)
2.2. Encoder, Order shuffling, and Integrated
ensembling

ImmSET uses a single shared transformer encoder
with segment-specific special tokens that delimit bio-
logically meaningful regions. During training we also
randomize the order of segments. These two choices
serve complementary goals:

1. Prevent positional shortcuts: Order randomiza-
tion forces the encoder to rely on token identity
rather than fixed input slot.

2. Provides robustness to partial inputs during in-
ference: In many datasets and applications, key
inputs are missing (e.g., TCRa« is often absent).
The combination of special segment-specific to-
kens with shuffled input order during training
makes the encoder naturally tolerant to absent
sequences.

3. Enable clean implementation of auxiliary losses:
Segment specific delimiter tokens allow for
straightforward implementation of the per seg-
ment MLM losses and full segment masking for
the CSM loss.

4. Enable future integration of partial datasets:
The design provides a framework for incorporat-
ing auxiliary losses on incomplete inputs during
training, a potential area of future research.

Predictions are produced from three independent
CLS tokens (CLS1, CLS2, CLS3), each with its own
learned embeddings and feed-forward classification
head. The final prediction is obtained by averaging
the three outputs, forming a lightweight, integrated
ensemble that stabilizes training and reduces variance
while sharing a single encoder.

2.3. Focused input for efficiency

To focus capacity on biologically relevant features,
ImmSET encodes only the six complementarity-
determining regions (CDRs) instead of full TCR«
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a)

These amino acids

are from a CDR13!

Input consists of multiple segments

|

CDR1f: LNHDA
CDR2f : SQGNSA

f 1
) <SCDR1B>LNHDA<ECDR1B><SCDR3B>CASSPRHN...

CDR3f : CASSPRHNSGNTIYF

Order of segments is randomized

b) MLM

CDR14: LNHDA

CDR2f3 : SQIVND

CDR3f : CASSIRSTYEQYF

peptide: GILGFVFTL \
CSM

<SCDR1B>*N**A<ECDR1B><Speptide>GI**F*FT*<Epeptide=...

<SCDR1B>LNHDA<ECDR1B><Speptide>******** *<Epeptide>...

Figure 1: ImmSET architecture and training overview. (a) Segment-specific start and end tokens are used

to differentiate the multiple input segments.

(b) The MLM objective (above) masks random

characters, while the CSM objective (below) masks entire segments.

and TCRQ chains. This decision leverages the flexi-
bility of special tokens to define clear segment bound-
aries while reducing sequence length and compute.

As this study trains exclusively on A*02:01, we
omit HLA representation reducing sequence length
while retaining context critical for modeling.

3. Results

3.1. Failure modes for sequence-based models

Prior work has noted pitfalls in TCR—pMHC model-
ing such as label leakage or improper dataset parti-
tioning which can inflate reported performance (Ap-
pendix B). In addition to those previously reported,
we identify an additional failure mode that can also
obscure true generalization:

Shortcut learning via TCR motif memo-
rization. Models can appear artificially accurate
by memorizing TCR-label associations rather than
learning true interaction features. This arises be-
cause similar peptides often elicit overlapping TCR
patterns (Gouttefangeas et al., 2023; Birnbaum et al.,
2014). Even when performance is stratified by pep-
tide edit distance (e.g., 1-Levenshtein splits), strong

signal on near-neighbor peptides that decays with dis-
tance can create a misleading impression of general-
ization. Low peptide diversity in the training data
and architectures that encode TCR and peptide sepa-
rately or emphasize local motif detection (e.g., CNNs)
exacerbate this issue.

No-peptide model
Apparent 'generalization' is an artifact

1.0
0.8 ‘
5
2 0.6 B T
2 ' B
;.).0.4 l jli
0.2
n=8 n=14
0.0
11% 44%

Peptide dissimilarity (% of positions different, 9-mer)

Figure 2: Performance of a model encoding only the
TCR sequence and no peptide features.
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To demonstrate this artifact, we trained a trans-
former model on a small TCR-pMHC dataset with
the peptide input entirely removed (details in Ap-
pendix C). Because peptide identity is the critical
determinant of recognition, such a model should by
construction have no predictive signal. Yet, as shown
in Figure 2, the model still appears to “generalize” to
unseen peptides at distance-1 neighbors (~ 11% dis-
similarity), while the signal disappears for distance-4
peptides (= 44% dissimilarity).

To mitigate this failure mode and avoid those pre-
viously reported, all subsequent evaluations are re-
stricted to test peptides at least four Levenshtein dis-
tance away from any training or validation peptide
to evaluate on truly unseen/dissimilar peptides, and
draw negative labels only from within the limited set
of the holdout pMHCs to prevent label leakage from
train to test.

3.2. ImmSET performance scales predictably
with training data

We sought to understand the relationship between
training data and ImmSET performance. Identifying
consistent patterns of how ImmSET improves with
different quantities and compositions of training data
would provide a valuable road map toward future
data generation efforts. Such patterns would allow
us to predict how much data is required for InmSET
to reach a given level of performance and inform what
type of data is most impactful for driving better per-
formance.

There are two main strategies for generating more
data: identifying additional TCRs specific for a fixed
set of peptides, or identifying TCRs to novel pep-
tides. While generating additional TCRs on a fixed
set of peptides is typically faster and cheaper, deter-
mining whether novel peptides are more impactful for
model performance would motivate the time and cost
required to generate that type of data.

To test the relative impact of each of these modes
of data generation, we trained ImmSET using a sin-
gle classification head across a full grid of training
sets varying from 20 to 500 unique peptides and from
20 to 180 unique TCRs per peptide, all in the con-
text of A*02:01. We repeated this scaling grid across
3 unique datasets comprising different random sub-
samples of the full set of available peptides, termed
“dataset 0”7, “dataset 17 and “dataset 2” in figure
legends throughout this work (Appendix D).

0.7
s 20 TCRs / peptide
e 30 TCRs / peptide
T 0.65 = 50 TCRs / peptide
° = 80 TCRs / peptide
£ s 120 TCRs/ peptide
8 v 180 TCRs / peptide
z2 06 ® dataset 0
2 o » dataset 1
3 A dataset 2
L
a === power law fit
o 0.55
0.5
o o o o (=] (=] n (=]
~ m wn [==) ~ (=] 2] ~ (=)
— — ~ m w
peptides
(a) Scaling with peptides
0.7
s 20 peptides
[ ] e 30 peptides
« 50 peptides
% 0.65 2 f i i * 80 peptides
() L § L] - . s 120 peptides
(@] E ‘ & & L] - 'Y * 180 peptides
oY o6 | e . ' : . | g | 250 peptides
3= a- 4 . [] - 375 peptides
< % A * ‘ - $ .- : 500 peptides
E ° } e % | @ dataset0
@ 055 | & - : W | * dataset1
C | g = | a dataset2
. e - a | -—- power law fit
. H = ]
0.5 2
(=] (=] o (=] (=] (=)
~ m ['a] =) o~ (=]
— —

TCRs / peptide

(b) Scaling with TCRs per peptide

Figure 3: ImmSET scaling behavior as a function of
training data
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After training separate ImmSET instances across
all datasets, we then evaluated each of these trained
models on a fixed holdout set of A*02:01-restricted
peptides such that all holdout peptides are a mini-
mum of 4 edits away from any training or validation
example (Appendix D).

We observed that performance improves as a func-
tion of both the number of unique peptides and the
number of TCRs per peptide (Figure 3). Both trends
are significant (p < le-6 for both peptides; p < 3e-5
for TCRs, Jonckheere-Terpstra test) but models im-
prove more quickly as a function of the number of
peptides than they do as function of the number of
TCRs per peptide. In addition to AUROC, these
trends with training data hold across multiple per-
formance metrics (Appendix F).

We fit a power law to the performance of all mod-
els, treating performance as a function of both the
number of peptides (P) and the number of TCRs per
peptide (T):

AUROC  P°T” (2)

We find a best fit of o = 0.078 (95% CI = (0.075,
0.082)) and 8 = 0.036 (95% CI = (0.031, 0.040)) (Ap-
pendix G). This fit reinforces the visual trend that
while both peptides and TCRs per peptide benefits
ImmSET performance, increasing peptides is more
impactful.

These results suggest that InmSET performance is
a predictable function of the provided training data,
quantified by the number of distinct peptides and the
number of TCRs per peptide. Additionally, these re-
sults suggest that future data generation should focus
on the collection of TCRs against new peptides as this
data type provides a stronger lever toward increasing
model performance.

3.3. Comparison with a pretrained sequence
model (ESM2)

The ImmSET results presented thus far could be at-
tributable to one or both of two fundamental ad-
vantages: its uniquely adapted architecture for this
problem class, or its access to large training datasets.
Given that the training data used in this work is
from a proprietary dataset much larger than pub-
lic data repositories of TCR-pMHC interactions, we
compared ImmSET’s performance as a function of
training data to that of the well-established pre-
trained protein language model ESM2 (Lin et al.,
2023) fine-tuned on the same proprietary data.

0.7
o
- A
§ 0.65 Ve &
[ 0] . /
O35 06 —o——& /
>8 s s
<o %
3 —— ImmSET
o 0.55 Py ESM2
2 ) gl ® dataset0
4, ® dataset 1
0.5 b A dataset 2 |
(=) (=) (=] (=) [=) [=] [=) [Ta] (=]
™~ m T3] w ~ [+0] uy I~ (=]
) — —~ ~ m T3]
peptides
(180 TCRs / peptide)
(a) Varying peptides
0.7
I N
- R 5
S 065 | -
0 L e
£ o
Ya
Co 0.6
>5
< o
Q. — ImmSET
@ 0.55 ESM2
o ® dataset0
# dataset 1
05 A dataset 2 |
(=) o o o o [=)
™~ m 'a] @ ~ [+=)
— —

TCRs / peptide
(500 peptides)

(b) Varying TCRs per peptide

Figure 4: Comparison of ImmSET vs ESM2 fine-
tuned on the same datasets.



IMMSET: TCR-PMHC SPECIFICITY AT SCALE

To compare model performance and scaling be-
havior, we compared the ImmSET models derived
from the previous scaling analysis against similarly-
sized ESM2 models (esm2_t6_8M_URS50D) fine-tuned
across these same training data. Specifically, we fine-
tuned ESM2 using all datasets with 180 TCRs per
peptide (and any number of peptides) and all datasets
with 500 peptides (and any number of TCRs per
peptide). ImmSET training and architecture was as
previously described. For ESM2, we initialized the
model with the pre-trained model weights, added a
sequence-level classification head, and trained the en-
tire model on TCR-pMHC examples to learn a clas-
sification of activating and non-activating complexes
(Appendix E).

We observed that both models learned an overall
signal when trained across these datasets and both
exhibit predictable scaling behavior as a function of
the number of distinct peptides and the number of
TCRs per peptide (Figure 4). However, ImmSET
consistently achieves better overall performance with
the same training data compared to ESM2 (p < 5e-
13, Wilcoxon test), while also retaining 4-fold faster
inference time (Appendix M). This advantage holds
across multiple performance metrics (Appendix F).
As both models train on the same data, we attribute
ImmSET’s better overall performance to its architec-
ture’s adaptation for multi-segment interaction mod-
eling. In addition to better overall performance,
ImmSET achieves faster inference time (1.1ms per
input ImmSET; 5.0 ms per input ESM2, measured
on a single Nvidia T4 GPU) due to its parsimonious
tokenization of the interacting chains in lieu of the
full-length protein sequences used by ESM2.

The scaling of both models as a function of peptides
and TCRs per peptide is comparable (Appendix G).
Thus, ImmSET is not unique in its ability to achieve
predictable performance on this task with training
data but does achieve better performance with fixed
training data than state-of-the-art pretrained protein
language models like ESM2. Notably, these results
were obtained with a single classification head from a
single ImmSET instance, rather than our top ensem-
ble configuration with three heads (see Appendix H
for ablation study).

3.4. ImmSET outperforms AlphaFold-based
pipelines on A*02:01

We evaluated an ensemble variant of ImmSET (see
Appendix I) against AlphaFold-derived pipelines

0.80
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—e8— dataset 0
dataset 1
—a— dataset 2
--- AF3 TCRdock
--- AF2 TCRmodel2
AF2 TCRdock
-- Baseline

AUROC
(per-peptide mean)
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0.50

20 30 50 80 120 180 250
Training peptides
(A*02:01, 180 TCRs/peptide)

(a) A*02:01 evaluation, full input

375 500
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,4742
—e— dataset 0 1
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--- AF3 TCRdock
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20 30 50 80 120 180 250
Training peptides
(A*02:01, 180 TCRs/peptide)
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—e— dataset 0
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—a— dataset 2
AF3 TCRdock
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AF2 TCRdock
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(per-peptide mean)

0.60
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0.50

N
20 30 50 80 120 180 250
Training peptides
(A*02:01, 180 TCRs/peptide)

(¢) B*40:01 evaluation, full input

375 500

Figure 5: ImmSET ensembles evaluated against Al-
phaFold on the IMMREP25 benchmark.
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on a benchmark dataset previously used to com-
pare TCR-pMHC modeling approaches in the IMM-
REP2025 competition (Organizers, 2025; Noakes
et al., 2025) (Appendix J). As A*02:01-specific
training data increases, ImmSET first surpasses
AlphaFold2 pipelines and eventually overtakes Al-
phaFold3 on A*02:01 (Figure 5(a)). Inference of
the ensemble model remains at =~ 10 ms per TCR-
pMHC on an NVIDIA T4 GPU - over four orders
of magnitude faster than AlphaFold-based pipelines
(Appendix M).

We further evaluate ImmSET’s robustness to par-
tial inputs by evaluating performance when informa-
tion from TCRe is missing during inference, as arises
often in real-world applications where bulk sequenc-
ing is used rather than single cell (Pai and Satpathy,
2021). Using only TCRS and peptide and omitting
TCRa, the top ImmSET models can still outperform
AlphaFold-based pipelines on A*02:01 (Figure 5(b)),
despite the latter using the full input.

These ImmSET models were trained exclusively
on A*02:01 sequences, and their performance does
not generalize to the untrained, dissimilar B*40:01
allele in the same IMMREP25 benchark. There,
AlphaFold-based pipelines maintain a clear advan-
tage (Figure 5(c)). Detailed understanding of the
learning and scaling of ImmSET models trained and
evaluated across multiple HLAs will require further
research. However, given the importance of cross-
HLA generalization to practical application of these
models, we systematically test the generalization of
A*02:01-trained models on more HLAs below.

3.5. Cross-HLA Generalization

We extended the evaluation of the A*02:01-trained
ensemble models to other alleles following the same
evaluation criteria as used for A*02:01: peptides at
least four edits away from training peptides, a bal-
anced sampling of 50 positives per peptides, and 200
negatives per peptide. Figure 6 shows as A*02:01-
specific training data increases, ImmSET perfor-
mance in other alleles increases as well, with further
results in Appendix L. Notably, we find non-random
signal to B*40:01, even though no such signal was
observed for the B*40:01 subset of IMMREP25. To
better understand this behavior, we examined the
underlying per-peptide performance and, consistent
with our observations in Appendix H, found that the
distribution of per-peptide AUROCS is very broad,
as summarized in Table 1.

Notably, the lowest per-peptide AUROC observed
for B*40:01 was 0.336 and the highest 0.832. Since
the IMMREP25 benchmark included only ten pep-
tides, its results are inherently prone to variability,
whereas our new evaluation is based on 67 peptides,
providing a more stable estimate. FExamining per-
peptide AUROCs in IMMREP25, we find that for
A*02:01 and B*40:01, ImmSET achieved ranges of
(0.520-0.867) and (0.367-0.749), respectively, while
the AF3-based TCRdock baseline achieved (0.562-
0.793) for A*02:01 and (0.481-0.822) for B*40:01.
These observations suggest that broad variability in
per-peptide AUROC is a general phenomenon reflect-
ing the inherent complexity of TCR-pMHC recogni-
tion, rather than a limitation specific to sequence-
based models. They also highlight that conclusions
drawn from small datasets should be interpreted with
caution given their limited peptide diversity and sam-
ple size.

While the precise mechanisms driving cross-allelic
generalization remain to be determined, a prelimi-
nary look into the biological interpretability of Imm-
SET is presented in Appendix N, where we analyze
model responses to single amino acid substitutions as
a first step toward mechanistic insight.

Moving forward, grouping alleles by similarity
could help guide targeted data collection across rep-
resentative HLA groups. Because ImmSET already
encodes multiple biological segments within a uni-
fied architecture, it is naturally capable of incorpo-
rating the HLA sequence or pseudo-sequence as an
additional input segment. We therefore believe that
expanding training to include multi-allelic datasets,
particularly spanning distinct HLA families, and in-
corporating the HLA sequence or pseudo-sequence as
an input segment should allow the model to learn
transferable, pan-allelic representations without re-
quiring fundamental architectural changes. Under-
standing the learning and scaling across multiple
HLAs will require further research.

4. Discussion

This study demonstrates ImmSET’s capabilities in
TCR-pMHC recognition, a challenging but critical
task in immunology. Beyond this specific applica-
tion, ImmSET introduces a modeling paradigm that
is broadly applicable to other multi-sequence interac-
tion problems—such as CRISPR~Cas targeting (Yao
et al., 2025; Chen et al., 2025) or RNA—protein in-
teractions networks (Lee et al., 2024)—where learn-
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Table 1: Per peptide AUROC distribution is broad

HLA n_peptides mean median percentile.25 percentile.75 min max
A*01:01 37 0.607 0.619 0.552 0.694 0.348 0.818
A*02:01 134 0.706 0.704 0.639 0.772 0.393 0.959
A*29:02 32 0.644 0.619 0.542 0.761 0.423 0.887
A*68:01 42 0.649 0.636 0.554 0.702 0.446 0.939
B*08:01 18 0.579 0.554 0.493 0.631 0.374 0.908
B*18:01 46  0.624 0.632 0.553 0.700 0.129 0.853
B*40:01 67  0.600 0.601 0.505 0.671 0.336 0.832
C*03:04 18  0.675 0.736 0.547 0.774 0.356 0.948
C*04:01 15 0.567 0.540 0.483 0.680 0.386 0.693
C*07:02 27 0.636 0.627 0.550 0.736  0.312 0.857
Rl While all ImmSET models in this study were
A29:02 trained exclusively on HLA-A*02:01 data, we observe
= i measurable signal across multiple untrained class I
g - B118:01 ,_ a1 HLAs. This demonstrates that cross-allelic gener-
§§ 0.60 23;’21 /,—474\‘ alization can emerge naturally from sequence-level
2§ cro4:01 / learning, even without explicit exposure to multiple
g e ///" HLAs during training. ImmSET’s multi-segment ar-
[ = chitecture is readily extensible to training on multi-
050 f’—/ HLA data as such datasets come available. We leave
» s 0 120 180 250 35 soo  the exploration of scaling patterns across multiple

Training peptides
(A*02:01, 180 TCRs/peptide)

Figure 6: ImmSET cross-HLA generalization.

ing directly from large-scale sequence data is essential
to complement structure-based and experimental ap-
proaches.

ImmSET exemplifies a function-first strategy:
rather than relying on predefined structural assump-
tions, it leverages a shared transformer encoder with
explicit sequence delimiters and auxiliary objectives
that encourage cross-chain reasoning. This design
enables the model to flexibly incorporate additional
data and to capture interaction features even when
structural details are uncertain or variable. In the
context of immunology, our experiments show that
ImmSET can not only match but surpass structure-
based modeling while remaining orders of magnitude
more efficient, and that its performance continues to
improve predictably as training data increases. These
scaling properties suggest a favorable trajectory as
larger datasets become available.

HLASs to future work.

The choice of modeling strategy in TCR-pMHC ap-
plications should ultimately be guided by the require-
ments of the task. Structure-based pipelines are and
will continue to be useful when training data are lim-
ited, data generation cost is high, inference cost is sec-
ondary, or moderate accuracy is sufficient for down-
stream analysis. However, applications that demand
higher confidence or finer discrimination require not
only much larger training datasets but also models
that continue to improve as that data grows. In such
settings, the ability to scale becomes decisive. Our
results suggest that InmSET offers a sequence-based
path forward under this condition and that it can in-
spire hybrid approaches that combine the scalability
of sequence-driven learning with the interpretability
of structure-based pipelines.
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Appendix A. ImmSET Training
A.1. Tokenization

Each of the 20 amino acids is assigned a unique token.
In addition, every sequence segment is delimited by
dedicated start and end tokens. A padding token is
included for batch alignment; this token is excluded
from both inference and loss computation. Finally,
up to three classification (CLS) tokens are appended,
each serving as an anchor for downstream prediction.
Together, these tokens define the model vocabulary.

A.2. Parameters

We used a transformer encoder with Rotary Posi-
tional Embeddings (RoPE). The architectural param-
eters are listed in Table 2. The classifier is imple-
mented as a feed-forward neural network (FFNN) ap-
plied to the output corresponding to the CLS token;
when multiple CLS tokens are present, each is paired
with its own FFNN classifier. Parameters were ini-
tialized using PyTorch’s default initialization. The
masked language modeling (MLM) and cross-segment
modeling (CSM) heads each consist of a single linear
layer mapping from embed_dim to the vocabulary size
defined in the previous section.

A.3. Optimization

The overall objective combines classification, MLM,
and CSM losses as a weighted sum:

»C = )\cls ﬁcls + )\mlm Emlm + Acsm £CSII1' (3)
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Table 2: Transformer and classifier parameters used

in ImmSET.
Parameter Value
Embedding dim. 420
Attention heads 5
Hidden dim. 420
Encoder layers 10
Dropout 0.01
CLS classifier 128
128
64
32
1

MLM/CSM head Linear (embed_dim — #tokens)

We set Ao = 64, Aesm = 4, and A\ = 1 for all
experiments and the weights stayed robust across the
tested range of dataset sizes and compositions. The
large weight on the classification loss is not merely
to downweight auxiliary losses but to counteract the
tendency of the model to overfit the comparatively
easy MLM and CSM task. Since no grid search was
done to select these values, to further assess the sta-
bility of the weighting scheme, we extended training
with dataset 0 with 500 peptides and 180 TCRs per
peptide, using multiple losses weights configurations
and evaluating on holdout, results are summarized in
Table 3. The results confirm that the model’s per-
formance is generally robust to moderate changes in
the auxiliary loss weights only significantly decreasing
performance under large changes like using all iden-
tical weights. Results also suggest hyperparameter
grid search could provide a modest but reproducible
improvement in performance. The classification loss
used is binary cross entropy.

The MLM loss is cross entropy, computed per seg-
ment and summed across segments:

Lonim = Z Lmim (segment).

segments

(4)

A fixed masking probability of 0.3 was used for all
amino acids. For a selected position, the replacement
strategy was: mask token (0.8), random token sub-
stitution (0.1), or unchanged (0.1).
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Table 3: Loss weighting scheme stability.

MLM CSM CLS mean_ AUROC

1 1 1 0.616
1 4 4 0.656
1 4 16 0.684
1 4 48 0.680
1 3 55 0.675
1 5 60 0.673
1 4 64 0.674
1 6 72 0.675
1 4 80 0.679
1 4 256 0.668

The CSM loss is defined by replacing an entire seg-
ment with mask tokens:

Z Lcsm (segment™),

segments*

Losm = (5)

where segments® merges CDRla with CDR2«, and
CDR1p with CDR2g, reflecting their common V-
gene origin and lower relevance for peptide correla-
tion compared to full gene—peptide interactions.

Optimization used Adam (Kingma and Ba, 2014)
with 8 = (0.9,0.999) and weight decay 0.01. Learning
rate followed a schedule with linear warmup to the
peak value, followed by exponential decay clipped at
1% of the initial rate.

A.4. Data Sampling

We used a batch size of 256 with a dataloader size of
12,800, yielding 50 batches per epoch between vali-
dation steps. If the number of positives was smaller
than 12,800, the closest multiple of 256 was used.
Each epoch samples from the full training set with
enforced uniform sampling across peptides and 1:1
matching of positives to negatives, since negatives
vastly outnumber positives.

A.5. Checkpoints

For holdout evaluation, we selected the checkpoint
maximizing a weighted metric combining AUROC
and AUCROC (area under the concentrated ROC
curve (Swamidass et al., 2010), with o« = 14 in our
implementation). Specifically, we optimized:

score = AUROC + 5 x AUCROC.
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For ensembles, three checkpoints per training run
were retained, corresponding to the top three scores
during training.

Appendix B. Pitfalls in TCR—pMHC
Sequence Modeling

A wide range of sequence-based models have been
proposed for TCR-pMHC prediction, including con-
volutional networks, transformers, and pre-training
strategies. Despite this activity, models only appear
to succeed under favorable conditions, and none have
demonstrated reliable generalization to unseen pep-
tides.

B.1. Inflated performance from negative data
design

Reported accuracy often depends heavily on how neg-
atives are constructed (Dens et al., 2023). Shuffling
TCRs and peptides within the same dataset, or using
repertoires from healthy individuals as negatives, can
introduce leakage signals that models exploit instead
of learning recognition rules. STAPLER explicitly
demonstrated how such leakage can confound evalua-
tion and proposed best practices to mitigate it (Kwee
et al., 2023).

B.2. Benchmark overlap and limited peptide
coverage

Several community benchmarks contain overlap be-
tween training and test sets at the level of peptides
or TCRs. Such designs allow models to rely on mem-
orization within distribution, rather than testing the
intended challenge of unseen peptide prediction. The
Genentech/Columbia study systematically examined
these issues and showed that prior claims of strong
generalization were largely due to flawed split design
(Culka et al., 2025).

B.3. Sensitivity to negative sampling

Supervised classifiers are highly sensitive to how neg-
atives are chosen. For example, if TCRs are used as
negatives in the test set but appear as positives in
the training set, models can trivially learn to classify
those TCRs as always negative, introducing a strong
bias (Kwee et al., 2023).
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B.4. Failure to generalize to unseen peptides

The central conclusion across recent work is that no
current method achieves robust peptide-level gener-
alization. The Genentech study evaluated models on
a blinded, proprietary dataset of cancer neoantigens
and found that even methods designed to correct for
leakage and bias (e.g., TULIP (Meynard-Piganeau
et al., 2024)) performed no better than chance in this
zero-shot setting (Culka et al., 2025).

Both STAPLER and TULIP further show that
model performance consistently decays toward base-
line as peptide distance from the training set in-
creases (Kwee et al., 2023; Meynard-Piganeau et al.,
2024). In the main text, we also describe an addi-
tional failure mode: shortcut learning through TCR
motif memorization. Models that effectively ignore
the peptide can appear to generalize to unseen pep-
tides that are close to the training distribution, but
their signal collapses with increasing peptide dis-
tance. This creates an illusion of generalization and
underscores the need for carefully designed training,
validation, and holdout datasets.

Appendix C. No-peptide model

To illustrate the apparent generalization effect ob-
served when evaluating on closely-related peptides
(as described in the main text), we trained a trans-
former with the same architecture as InmSET (Ap-
pendix A), but with the peptide sequence excluded
from the input. The model received only the six
CDR regions in fixed order, separated by SEP tokens,
with a CLS token prepended and a classifier applied
to the CLS output. Training used a randomly cho-
sen dataset comprising 20 peptides with 50 TCRs per
peptide. Data were split into training, validation, and
holdout sets, with strict enforcement of non-overlap
across peptides and TCRs—including negatives—to
prevent leakage as noted in Appendix B.

Appendix D. Dataset details

D.1. Data generation

The labeled data used in both training and evalua-
tion across this work are the amino acid sequences of
TCR-pMHC combinations that do (positive labels)
and do not (negative labels) result in T cell acti-
vation. The data was generated through a combi-
nation of immunological assays previously described
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in other work. Briefly, naive CD8+ T cells are in-
cubated against a pool of peptides to drive T cell
clonal expansion. A portion of this expanded T cell
population is input into a pairSEQ experiment to
determine the TCRa—TCR/S pairings as described
in Howie et al. (2015). The remainder of the ex-
panded T cell sample is input into the MIRA assay
(Multiplex Identification of T cell Receptor-Antigen
specificity), returning mappings of TCRS sequences
to their pMHC specificity as described in Klinger
et al. (2015); Nolan et al. (2025) (experimental meth-
ods) and Snyder et al. (2025) (statistical methods).
Joining the TCRa—TCR} pairings (from pairSEQ)
with TCRB-pMHC mappings (from MIRA) on the
TCRp sequence then provides complete TCR-pMHC
sequence information.

In addition to the positive TCR-pMHC combina-
tions generated by these assays (TCR-pMHC combi-
nations leading to T cell activation), the experiments
also provide empirical negative labels (TCR-pMHC
combinations confirmed not to lead to T cell activa-
tion). These negative labels are derived from the mul-
tiplexed layout of the MIRA assay (Figure 7). TCRS3
clonotypes are assessed for activation against all pep-
tides in the experiment, and as they are only reported
as a positive for a given peptide when their activation
pattern corresponds exactly to the unique occupancy
pattern of that peptide. Consequently, any TCRS re-
ported as a positive to one peptide must necessarily
not activate in response to any other peptides in the
experiment.

D.2. Datasets for scaling experiments and
ESM2 comparison

Training datasets We constructed a grid of nested
training datasets to study the general scaling behav-
ior of ImmSET and to compare ImmSET to ESM2
across a range of training data compositions.

To assess variation of model performance and scal-
ing across different random subsets of the data,
we created 3 replicate training grids referred to as
“dataset 07, “dataset 17, and “dataset 2” across this
study. Each grid is constructed as follows:

Starting from a large proprietary database of HLA-
A*02:01 restricted peptides, we randomly sample 500
unique peptides from this database such that all se-
lected peptides had a minimum of 180 labeled TCRs.
For each of those 500 peptides, we then randomly
sampled 180 positive TCRs to each of them, giving

15

us an overall dataset of 500 peptides by 180 TCRs
each.

From that starting point, we iteratively downsam-
pled the peptides from 500 to 375, then from 375 to
250, and so on until we had nested sets of peptides
ranging in count from 500 down to 20. In total, we
sampled 9 unique peptide counts, roughly spaced by
a factor of 1.5x relative to their neighbor: 20, 30,
50, 80, 120, 180, 250, 375, and 500. At each peptide
downsampling, we retain the full initial set of 180
TCRs per peptide.

Likewise, we conduct a similar nested downsam-
pling per peptide on its full set of 180 TCRs. From
that starting set of 180 TCRs, we selected 120 TCRs,
then 80 from the downsampled set of 120, and so on
until we reached a minimum size of 20 TCRs for the
peptide. In total, we sample 6 unique counts of TCRs
for each peptide: 20, 30, 50, 80, 120, and 180, again
roughly spaced by a factor of 1.5x relative to their
neighbors.

We then cross each variably sized peptide subset
with each of the variably sized TCR-per-peptide sub-
sets to create complete grid of training sets varying
in both the number of peptides and the number of
TCRs per peptide (Figure 8). This procedure yields
a grid of training sets such that each individual set
S; (characterized by a number of peptides P; and of
TCRs per peptide T;) is a strict subset of all other
sets S; provided that P; > P; and T; > T;.

With these 3 replicate grids of 54 training sets
each, we ultimately trained ImmSET across 162 total
unique TCR by peptide training compositions. For
ESM2, we trained across all 3 replicate datasets, but
only using those sets that included either 500 pep-
tides (any number of TCRs) or 180 TCRs per peptide
(any number of peptides), for a total of 42 training
compositions.

Validation dataset All training runs — both for
ImmSET and ESM2 — used the same set of validation
data to select the final model checkpoint for evalu-
ation. The validation set constructed by selecting
115 unique HLA-A*02:01-restriced peptides such that
each validation peptide was 4 or more levenshtein dis-
tance away from any training peptide in any training
dataset. Each selected validation peptide had a mini-
mum of 50 unique positive labeled TCRs. From these
data, we randomly subsampled 50 positive TCRs per
peptide. Finally, we subsampled the negative label
data to achieve a ratio of 4 negative examples for
each positive example.
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Example MIRA experiment

Antigen Peptide Pool Address
A BCDETFGH

VZV ORF37 ILHTHVPEV | le |x| lex[ | BDFG

nHvebust sornwive [ X[ X[ x| | [x] [ | aecr

TCR-1 activation

TCR-2 activation

Figure 7: Derivation of positive and negative labels from MIRA experiments.

Resulting labeled data

TCR, peptide, and label

TCR-1, ILHT, 1
Activation (¥) in B, D, F, G = ILHT present in all pools

TCR-2, SQFN, 1
Activation (¥))in A, B, C, F > SQFN present in all pools

TCR-1,SQFN, 0
No TCR-1 activation (-) in pools Aor C

TCR-2, ILHT, 0
i NoTCR-2 activation (-) in pools D or G

Each peptide in the the

experiment is present in a unique combination of the lettered pools (upper left). The activation
patter of each TCR tested in the experiment is read out as activated (check mark) or not activated
(dash) in each of the letted pools (lower left). Matching these activation patterns to the peptide
pool assignments provides both positive and negative evidence of TCR-pMHC specificity (right).

Peptides
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Figure 8: Format of a single training grid. The blue
arrows show steps down in the number of
peptides and red arrows show steps down in
the number of TCRs. Each individual set
is a strict subset of all parents — both those
to the right in the grid (more peptides) and
below in the grid (more TCRs).
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Holdout dataset In both the ImmSET scaling
analysis and the ESM2 comparison analysis, all mod-
els were evaluated on a consistent holdout dataset.
The holdout set was constructed from 134 unique
HLA-A*02:01-restricted peptides such that all hold-
out peptides were 4 or more Levenshtein away from
all peptides across all training datasets and the
shared validation dataset. As with the validation
data, we used only peptides with a minimum of 50
positive labeled TCRs and subsampled 50 positive
TCRs per peptide. Matching the composition of the
validation set, we also subsample the negative label
data to achieve the same 4:1 ratio of negative to pos-
itive labels.

D.3. Dataset Composition

The training and evaluation dataset used in this
study are proprietary but can be summarized in
terms of their composition and diversity. Table 4
provides an overview of the five A*02:01 datasets em-
ployed: three independent training datasets, one val-
idation dataset, and one holdout dataset. For each
dataset, we report the total number of unique pep-
tides, the distribution of peptide lengths, and the
number of peptide clusters. Peptide clusters are de-
fined as the connected components of a graph with
nodes corresponding to peptides and edges between
any pair of peptides with an edit distance below



IMMSET: TCR-PMHC SPECIFICITY AT SCALE

a given threshold. Here, we define graphs using a
threshold of 1 edit, 2 edits, and 3 edits.

Table 5 describes the composition of the same 5
datasets from the perspective of their constituent
TCRs. We report the number of positive TCRs per
peptide, the total number of positive and negative
records, the ratio of negative to positive examples,
and the number of unique TCR sequences in each
dataset. We also provide the number of unique TCR«
V gene / TCRS V gene combinations in each dataset
as a broad descriptor of the CDR diversity present.

Finally, we report in Table 6 the median and 10*-
t0-90" percentile range of CDR lengths for each of
the 6 CDRs.

Appendix E. ESM2 fine-tuning
experiments

We fine-tuned ESM2 (Lin et al., 2023) to predict bi-
nary classification of TCR-pMHC complexes result-
ing in (positive label) and not resulting in (negative
label) T cell activation as follows.

We initialize a sequence-level classification
model to predict a binary label across the
entire input sequence using the HuggingFace

EsmForSequenceClassification class, taking the
pretrained weights of the 8 million parameter ESM2
model (esm2_t6_8M_URS0D) as a starting point.

The TCR-pMHC sequences are input to the model
during training as follows. At each training step, we
take the full-length amino acid sequence of the vari-
able domains of the TCR«a and TCRJ chains, as well
as the peptide (MHC sequence is omitted as we train
only in the single context of A*02:01). We randomly
order these 3 chains at each training step and link
them using poly-G sequences (length 20). All inputs
longer than 300 tokens are randomly cropped to a
maximum input length of 300 tokens, with shorter
inputs padded out to the same length. Across the
training, validation, and holdout data used in this
study, all inputs are below the 300 token crop size
limit — the crop size limit is only retained in case of
future prediction on rare but biologically possible ex-
tremely long CDR3 sequences in TCRa and TCRS.

During training, we update all weights of the ESM2
classification model except for those of the contact
head as we are not training or using the model for
direct structure prediction.

We train the model to minimize the binary cross-
entropy loss of its classification prediction against the
binary labels using the Adam optimizer (Kingma and
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Table 4: Dataset composition: peptide lengths and edit-distance clusters.

# clusters (2 edits) # clusters (3 edits)

# clusters (1 edit)

# 10-mers # 11-mers

# 9-mers

Peptides

Dataset
Train-0

390
399
392

399
406
398

417
421
413
115
103

41

453
452
453

500
500
500
115

43
41

Train-1

Train-2

115

115

110
125

Validation
Holdout

87

89

134




Table 5: Dataset composition: TCR sampling and record statistics.

Positive records Negative records Neg:Pos Ratio Unique TCRs TCRaV/TCRBV
combinations

TCRs / peptide

Dataset

1583
1578
1572
1071

89935
89935
89914

99
60

5349353
5375072

90000
90000
90000

180
180
180

Train-0

Train-1
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58

5201633

Train-2

5750

23000
26800

5750

50
50

Validation
Holdout

1104

6692

6700
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Ba, 2014), with a batch size of 128 and learning rate
of 1E — 4. Each batch samples an equal number of
positive and negative labeled examples. We evalu-
ate the model against the validation set every 500
training steps. We select the final model checkpoint
for holdout evaluation using the same criterion as for
the ImmSET training runs: choosing the checkpoint
maximizing the validation set score of

score = AUROC + 5 x AUCROC.

As for the ImmSET criterion, AUCROC is calcu-
lated using a transformation parameter o = 14.

Appendix F. Additional performance
metrics

In addition to AUROC, we evaluated the perfor-
mance of both ImmSET and ESM2 across the many
training runs by their average precision (AP), sensi-
tivity at 90% specificity (SENS_AT_90), and area un-
der the concentrated ROC (AUCROC) (Swamidass
et al., 2010). In the AUCROC calculations, we used
a transformation parameter o = 14.

These additional evaluation metrics emphasize
model sensitivity at high specificity. This is a critical
regime for many applications of TCR-pMHC speci-
ficity prediction models, where the model must con-
fidently identify a small number of positive combina-
tions out of a large set of negative possibilities.

The ImmSET scaling results under these additional
performance metrics (Figure 9) show the same trend
observed in the AUROC analysis: performance im-
proves monotonically with both the number of pep-
tides and the number of TCRs per peptide, though
the growth is more rapid as a function of the number
of peptides.

Likewise, the comparison of ESM2 to ImmSET
across these additional metrics shows the same trend
as the AUROC analysis. ImmSET maintains a con-
sistent performance gap over the fine-tuned ESM?2
model across all metrics. Both models improve mono-
tonically with increasing data and show a stronger
dependence on peptides than TCRs per peptide un-
der all 3 additional metrics.
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Table 6: CDR length statistics per dataset (median and range).

Dataset CDRl1a CDR2«a

CDR3«o

CDR13 CDR23 CDR3p3

Train-0 6 (5-7)

Train-1 6 (5-7)

Train-2 6 (5-7) 7
Validation 6 (5-7) 7
Holdout 6 (5-7) 7

(11 16)
3 (11-16)
3 (11-16)
3 (11-16)
(11 16)

(12-16)
(12-16)
4 (12-16)
(12-16)
(12-16)
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Figure 9: ImmSET scaling analysis under different performance metrics
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Appendix G. ESM2 and ImmSET
scaling analysis results
and parameters

To fit the trends of AUROC variation in both ESM2
and ImmSET as a function of dataset size and com-
position, we modeled performance as a power law in
both the number of training peptides P and the num-
ber of TCRs per peptide T:

AUROC o P°T" (6)

The a parameter describes how much AUROC im-
proves with increasing peptides in the training set,
while 8 describes the AUROC improvement with in-
creasing TCRs per peptide.

For each model, we fit this trend across all avail-
able trained model results (N = 162 for InmSET,
comprising 9 values of P crossed with 6 values of T,
in 3 replicates, and N = 42 for ESM2, comprising
only the extrema of the training data grid, also in
3 replicates). The fits are obtained using a linear
mixed effects model via the python statsmodels li-
brary (Seabold and Perktold, 2010), fitting the log of
AUROC as a linear combination of the log of T and
the log of P:

log(AUROC) = c+ alogP + BlogT +¢ (7)

The parameters of the resulting fits are reported,
with 95% confidence intervals in Table 7 and visu-
alized in Figure 11. For both ESM2 and ImmSET,
scaling with both T and P is significantly nonzero.
Both models also exhibit stronger scaling with P than
T, with @ more than twice the value of 8 in both
cases. The scaling parameters of the two models over-
lap substantially in their confidence intervals and —
based on the experimental data available to this study
— both models appear to scale comparably.

Appendix H. Ablation study

We validated ImmSET’s design decisions through a
peptide-level bootstrap ablation study (Figure 12),
where each variant is trained and evaluated using the
full ImmSET tokenization scheme (special tokens de-
limiting peptide, CDRs, and HLA regions). Notably,
we can see from the ablation study the importance
of randomization for running inference with partial
inputs when using the auxiliary losses.
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Figure 11: Best fits and 95% confidence intervals of
scaling parameters for both ESM2 and
ImmSET
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Table 7: We report the parameters of a best-fit power law relating AUROC to training data size and com-
position, quantified by P (number of peptides) and T (number of TCRs per peptide) for both
ImmSET and ESM2, along with 95% confidence intervals of each scaling parameter.

Metric | Model | a (P%) 95% CI B (T7) 95% CI
AUROC | ImmSET | 0.078 | (0.075, 0.082) | 0.036 | (0.031, 0.040)
AUROC | ESM2 | 0.072 | (0.064, 0.079) | 0.032 | (0.021, 0.044)

Full Input TCRB Only
; .'
All losses, 3 heads, with randomization b 1 —e—
(ensemble) E - E —e—i
i i
All losses, 3 heads, with randomization H H
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= e
—t e ] ]
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Figure 12: Ablation study. All models use the special InmSET tokenization
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All models are trained with identical data, train-
ing protocols, and tokenizer setup to ensure a fair
comparison. Points in Figure 12 represent mean
AAUROC, and error bars denote 95% confidence in-
tervals estimated via peptide-level bootstrap resam-
pling Algorithm 1. This evaluation strategy captures
antigen-level variability and provides a more faithful
measure of generalization performance.

We note that the distribution of per-peptide AU-
ROC values is typically very broad. As a result, stan-
dard bootstrap procedures that resample rows across
the entire dataset tend to underestimate the true
variability of performance estimates. Peptide-level
bootstrapping avoids this pitfall by resampling at the
peptide level, thereby reflecting the dominant source
of uncertainty. We therefore recommend, for fu-
ture studies, reporting peptide-based bootstrap con-
fidence intervals for AUROC (or other performance
metrics, including AAUROC) rather than quoting a
single point estimate. An alternative is to present
the full distribution of per-peptide AUROC values,
for example with a boxplot, which makes peptide-to-
peptide heterogeneity directly visible.

In the main text we emphasize multiple indepen-
dent training runs, which provide a strong assess-
ment of robustness but come at a higher computa-
tional cost. For ablation studies, peptide-level boot-
strapping offers a complementary view that high-
lights peptide-level variability with much lower com-
pute requirements, making it particularly well suited
for comparative analyses.

Appendix I. ImmSET ensemble

To achieve peak performance, we adopt an ensem-
ble strategy (see Figure 13). Specifically, three Imm-
SET instances are initialized with different seeds and
trained on the same dataset with varied sampling or-
ders. Each run yields three parameter checkpoints,
resulting in a total of nine parameter sets. At infer-
ence, predictions from all nine models are averaged
to produce the final output.

The ensemble preserves the scaling behavior of in-
dividual ImmSET instances while providing a consis-
tent performance gain (Figure 14).
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Algorithm 1: Peptide-Based Bootstrapping for
AUROC Comparison

Input: Dataset D of labeled TCR—-peptide

pairs, number of bootstrap iterations NN,
two models M; and M,

Output: Mean AAUROC and 95% confidence

interval

for b+ 1 to N do

Identify unique peptides P in D;
Sample |P| peptides with replacement from
P to form P’;
Initialize bootstrap dataset Dy < 0;
foreach peptide p € P’ do
Let R, be all rows in D corresponding to
b3
Sample |R,| rows with replacement from
R, to obtain R};
Add Rj, to Dy;
end
Compute AUROC; (D) using model My;
Compute AUROC,(Dy) using model Moy;
Ab — AUROC1(D5) — AUROCQ(Db);

Store Ay in results list;

end

Report mean of {A,} as AAUROC;

Report 2.5th and 97.5th percentiles of {A} as
the 95% confidence interval;
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Appendix J. AlphaFold-comparison
test dataset composition

To compare ImmSET against AlphaFold2- and
AlphaFold3-based pipelines, we used the benchmark
dataset from the IMMREP2025 (Organizers, 2025)
competition — a public competition comparing differ-
ent models for their ability to classify TCR-pMHC
interaction data. The AlphaFold3 results were pro-
vided by Phil Bradley, the winner of that competi-
tion. The ImmSET and AlphaFold2-based predic-
tions were run in-house.

The evaluation dataset (Noakes et al., 2025) it-
self comprises a total of 1,000 unique TCRs, dis-
tributed equally across 20 peptide-MHC targets (50
TCRs each) from 2 HLA contexts (10 peptides each).
Each TCR is specific to exactly one of the pMHC
targets and experimentally confirmed to not be spe-
cific to the other pMHCs in the benchmark. In this
evaluation, we use exclusively within-HLA negatives,
meaning that TCRs with a ground truth specificity
for an A*02:01-restricted peptide are used as nega-
tives for other A*02:01 restricted epitopes but not
for B*40:01-restricted epitopes. This is done to en-
sure that resulting performance is the product only
of learned TCR-pMHC interaction patterns and not
more general TCR-MHC preferences (Sharon et al.,
2016).

The peptides in this benchmark were selected to
share little similarity with any previously published T
cell epitopes as found in public data repositories (Vita
et al., 2025; Bagaev et al., 2022; Tickotsky et al.,
2017; Burley et al., 2025; Nolan et al., 2020). We
enforced the same separation from these peptides in
our training and validation datasets. Each peptide is
4 or more Levenshtein distance from, and shares no
substring longer than 5 amino acids with, any pub-
lished peptide or any peptide in our train and vali-
dation data. This separation ensures that these pep-
tides provide a realistic test of model generalization
to new pMHC targets.

Appendix K. AlphaFold-based
TCR-pMHC prediction

AlphaFold2: We compared ImmSET against two
different AlphaFold2-based TCR-pMHC prediction
pipelines, each with distinct adaptations of Al-
phaFold2 for the particular problem space of TCR-
pMHC structure prediction: TCRmodel2 (Yin et al.,
2023) and TCRDock (Bradley, 2023).
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Predictions from the TCRdock pipeline were per-
formed as described in its publication (Bradley,
2023). Briefly, for each TCR-pMHC target,
three structures were predicted with the AlphaFold
monomer “model_2_ptm” parameter set with a di-
verse set of hybrid structural templates sampling
native TCR-pMHC docking geometries provided for
each round of inference. The most confident pre-
dicted structure by predicted aligned error (PAE) was
selected for each target TCR-pMHC complex. Classi-
fication scores were derived from the PAE score aver-
aged across all TCR and pMHC residue pairs (TCR-
pMHC PAE), then normalized for peptide-intrinsic
and TCR-intrinsic effects on model confidence.

Predictions from the TCRmodel2 pipeline were
performed using AlphaFold-Multimer v2.3 (Evans
et al., 2021) and implementing the adaptions de-
scribed in the TCRmodel2 publication (Yin et al.,
2023). Five structures were predicted per target
TCR-pMHC complex, one with each of five avail-
able AlphaFold-Multimer model weights, and the
best ranked prediction by TCRmodel2’s “model con-
fidence” score was considered. Classification was per-
formed using an ipTM score (interface predicted tem-
plate modeling scores, a confidence score for the rel-
ative positions of the interacting chains) modified to
focus only the interface between the TCR and the
pMHC.

AlphaFold3: The AlphaFold3 predictions on the
IMMREP25 benchmark were provided to us by the
winner of that competition. The results compared in
this study reflect AlphaFold3 run on the target TCR-
pMHC complexes with two modifications — both re-
flective of how the model was run in winning the
IMMREP25 competition. First, the model is mod-
ified to include inter-chain template features, rather
than the default of only intra-chain template features.
Second, the model is provided example TCR-pMHC
docking examples as templates constructed by sam-
pling from the canonical binding modes of known
TCR-pMHC complexes, as done for AlphaFold2 in
TCRDock (Bradley, 2023).

Classification scores are finally derived from the
model’s reported pLDDT values, and are normalized
across all TCRs and peptides in the benchmark set
so that the average prediction across all TCRs (for
a given peptide) and across all peptides (for a given
TCR) are fixed to 0. This normalization is designed
to remove per-peptide and per-TCR biases; a similar
method is described in TCRDock.
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Appendix L. Generalization to other
alleles

We constructed a holdout dataset for other alleles fol-
lowing the same procedure applied to A*02:01. When
evaluating an ImmSET ensemble model trained ex-
clusively on A*02:01 data, we observed a systematic
improvement in performance in all of the alleles using
each of the 3 A*02:01 training datasets. (Figure 15).

This result is noteworthy because cross-allele trans-
fer is not expected in general, as different HLAs vary
from one another in both structural similarity and
presented peptide motifs.

Appendix M. Model inference time

Table 8 reports per-TCR-pMHC inference times for
ImmSET, ESM2, and structure-based baselines us-
ing a single Nvidia T4 GPU. ImmSET and ESM2 in-
stances achieve millisecond-scale latency, with Imm-
SET ensembles (used for comparison against struc-
tural models) remaining under 10 ms.

In contrast, TCRdock and TCRmodel2 require
minutes per sample under full structural inference,
which is the configuration used for evaluation.

For reference, a single inference round corresponds
to approximately 95s for TCRdock and 5min for
TCRmodel2, though these shorter runs are not used
in our reported results.

No timing results are provided for AlphaFold3 as
these were provided by the IMMREP25 winner on
their own compute and we have access only to the
overall predictions.

Appendix N. Biological
Interpretability

While detailed analysis of biological interpretability
would best be done using a pan-allelic version of the
model trained across multiple HLAs, we have con-
ducted the following experiment as a first look.

We studied the impact of single amino acid changes
to the peptide on model score. From our holdout
dataset of 134 unique peptides, we extracted the sub-
set of peptides of length 9 (the most common length
for A*02:01 epitopes, comprising 125 of our holdout
peptides). For each 9-mer, we then derived all single
amino acid variants of the base peptide. Using an
ImmSET ensemble model trained on dataset 0 with
500 peptides and 180 TCRs/peptide as described pre-
viously, we scored each positive TCR, in the holdout
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Figure 15: ImmSET cross-HLA generalization.
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Table 8: Per TCR-pMHC inference times for ImmSET and structure-based baselines. For evaluation, we
report total runtimes (full structural inference), while noting that a single round of TCRdock and
TCRmodel2 corresponds to ~95s and ~5 min, respectively.

Model

Inference time (per TCR—pMHC)

ImmSET (instance)
ImmSET (ensemble)
ESM2

TCRdock
TCRmodel2

1.1 miliseconds

10 miliseconds

5 miliseconds
4.5 minutes
25 minutes

set against all single amino acid variants of its true
target.

This allowed us to asses how sensitive ImmSET
is to peptide mutations as a function of amino acid
properties and position. As seen in Figure 16, we
observe that changes in the peptide charge, particu-
larly at the 8th residue, led to large changes in model
score.

A survey of the solved class I TCR-pMHC crystal
structures suggests that the CDR1 and CDR2 of the
TCRS chain predominantly contact the peptide at
position 8. This observation, coupled with the above
observation that charge changes at position 8 have a
large impact on ImmSET’s score, led us to the hy-
pothesis that there may be a charge-charge interac-
tion between peptide position 8 and the TCRS CDR1
and CDR2. Under this hypothesis, we attempted to
build minimal models using only this interaction to
predict TCR-pMHC specificity. Briefly, we used 5
features: the number of positive charges in TCRS
CDR1 and CDR2, the number of negative charges in
TCRpB CDRI1 and CDR2, and the charge of the pep-
tide at position 8. We then fit a random forest model
using these features to predict TCR-pMHC specificity
using the ”dataset 0” training datasets ranging from
20 to 500 peptides, each with 180 TCRs per pep-
tide, and evaluate on the 125 holdout 9-mers and
summarize results in Table 9. Since this minimal
model treats only 9-mers, the training peptide counts
here reflect only the 9-mer peptides in each of these
datasets.

The performance of these minimal models is weaker
than the overall InmSET model but is significantly
non random. This demonstrates one example in
which introspection of the complicated overall model
can lead to specific physiochemical hypothesis which
in turn can lead to rule-based models of TCR-pMHC
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interaction. These minimal models saturate perfor-
mance at low numbers of training peptides, suggest-
ing that such patterns could be learned on much
smaller datasets, provided strong initial hypotheses
and the data is carefully curated.

Future work can explore the question of whether
ImmSET’s attention maps can be converted into
TCR-~-pMHC contact predictions, following the meth-
ods described in Rao et al. (2021) Appendix A, ideally
with a pan-allelic version of the model trained across
multiple HLAs where the analysis could study both
TCR-peptide and TCR-MHC contacts.
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mutation location

10000

Figure 16: Change in model score as a function of the change in charge and mutation position

Table 9: Performance of minimal model.

# training peptides

Dataset

mean holdout AUROC

19
28
46
70
107
158
223
339
453

cfg0_p20_t180
cfg0_p30_t180
cfg0_p50_t180
cfg0_p80_t180
cfg0_p120_t180
cfg0_p180_t180
cfg0_p250_t180
cfg0_p375.t180
cfg0_p500_t180

0.549
0.560
0.560
0.559
0.563
0.561
0.564
0.567
0.569

28

N RO L



	Introduction
	ImmSET Architecture
	Auxiliary objectives for interaction learning
	Encoder, Order shuffling, and Integrated ensembling
	Focused input for efficiency

	Results
	Failure modes for sequence-based models
	ImmSET performance scales predictably with training data
	Comparison with a pretrained sequence model (ESM2)
	ImmSET outperforms AlphaFold-based pipelines on A*02:01
	Cross-HLA Generalization

	Discussion
	ImmSET Training
	Tokenization
	Parameters
	Optimization
	Data Sampling
	Checkpoints

	Pitfalls in TCR–pMHC Sequence Modeling
	Inflated performance from negative data design
	Benchmark overlap and limited peptide coverage
	Sensitivity to negative sampling
	Failure to generalize to unseen peptides

	No-peptide model
	Dataset details
	Data generation
	Datasets for scaling experiments and ESM2 comparison
	Dataset Composition

	ESM2 fine-tuning experiments
	Additional performance metrics
	ESM2 and ImmSET scaling analysis results and parameters
	Ablation study
	ImmSET ensemble
	AlphaFold-comparison test dataset composition
	AlphaFold-based TCR-pMHC prediction
	Generalization to other alleles
	Model inference time
	Biological Interpretability

