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Abstract

Computational design of T cell receptors (TCRs) that bind to epitopes holds the potential to revolutionize
targeted immunotherapy. However, computational design of TCRs for novel epitopes is challenging due to the
scarcity of training data, and the absence of known cognate TCRs for novel epitopes. In this study, we aim to
generate high-quality cognate TCRs particularly for novel epitopes with no known cognate TCRs, a problem
that remains under-explored in the field. We propose to incorporate in-context learning, successfully used with
large language models to perform new generative tasks, to the task of TCR generation for novel epitopes. By
providing cognate TCRs as additional context, we enhance the model’s ability to generate high-quality TCRs
for novel epitopes. We first unlock the power of in-context learning by training a model to generate new TCRs
based on both a target epitope and a small set of its cognate TCRs, so-called in-context training (ICT). We
then self-generate its own TCR contexts based on a target epitope, as novel epitopes lack known binding TCRs,
and use it as an inference prompt, referred to as self-contemplation prompting (SCP). Our experiments first
demonstrate that aligning training and inference distribution by ICT is critical for effectively leveraging context
TCRs. Subsequently, we show that providing context TCRs significantly improves TCR generation for novel
epitopes. Furthermore, we show TCR generation using SCP-synthesized context TCRs achieves performance
comparable to, and sometimes surpassing, ground-truth context TCRs, especially when combined with refined
prompt selection based on binding affinity and authenticity metrics.

1. Introduction

Genetically engineered T cells equipped with therapeutic

T cell receptors (TCRs) have emerged as a transformative

approach in personalized immunotherapy for treating

diseases such as cancer [2, 21]. Cognate TCRs play crucial

roles for T cells in the identification of abnormal cells by

recognizing disease-specific epitopes–an epitope is a part of

antigen that sits in the binding pocket of cognate receptor–

presented by major histocompatibility complex (MHC)

on cell surface [1] (Figure 1A). Computational generation

and validation of cognate TCRs for target antigens

can expedite the process of developing personalized

engineered T cells (Figure 1B). It significantly reduces the

number of candidate TCRs subject to wet-lab validation,

resulting in substantial reductions in time and cost.

It particularly presents a unique opportunity for novel

epitopes, where timely identification of cognate TCR is

essential. Novel epitopes, by definition, are peptides with

no known cognate TCRs. Examples include those from

newly emerging pathogenic viral strains or patient-specific

cancer-induced neoantigens.

Cognate TCR generation requires reliable, rapid

validation of generated TCRs. Recent success in predicting

the binding affinity of TCR epitopes [11, 17, 4, 24, 23, 25],

with a recent work achieving high accuracy (AUC > 0.94

even for novel epitopes), opens a door to tackling the

generation task. Despite promising advances in the affinity

validation, the generation of cognate TCRs remains largely

unexplored. Current efforts are limited to generation of

TCR repertoires (not considering cognate epitopes), or

only in cases where known TCR-epitope pairs exist [6, 8].

TCR generation for novel epitopes requires models

with enhanced generalization capacity in order to produce

TCRs fore previously unseen and potentially out-of-

distribution epitopes. Large language models (LLMs) such

as GPT, demonstrated remarkable success in generalizing

to new tasks, stemming from their training on extensive
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Fig. 1. (A) TCR, a protein complex located on the surface of T cells, recognizes and binds to a specific part of antigen (epitope). It allows

T-cell to recognize and kill abnormal cells. (B) This study investigates computational generation and validation of TCRs (gray background)

within personalized immunotherapy development. Personalized immunotherapy development is powered by the computational approaches:

The computational approaches prior to wet-lab validation can offer substantial cost savings and improved workflow efficiency.

and diverse datasets [3]. LLMs adapt to new tasks via in-

context learning, dynamically adjusting responses on the

context of a new task, typically provided as a few examples

of the task during inference [3]. However, applying LLMs

to TCR generation for novel epitopes presents unique

challenges. Existing datasets of TCR-epitope pairs cover

only a limited range of epitopes and each epitope has

far fewer corresponding TCRs than it can recognize. The

scarcity of data hinders generalization to novel epitopes

which are unseen during training. Furthermore, the lack

of known TCRs precludes the use of standard in-context

learning for novel epitopes, since it relies on providing

contextual TCR examples during inference.

Our goal is to develop a computational model that can

generate cognate TCR sequences for novel epitopes. The

core idea is to provide the model with both the target

epitope sequence and a few of its associated TCRs as input.

This enables the model to leverage additional information

from the provided TCR context when generating cognate

TCRs for the target epitope.

We address two challenges encountered in generating

TCRs for novel epitopes. First, to overcome the data

scarcity and enhance generalizability to unseen epitopes,

we align the model’s training with our inference goal. It

involves training a model to generate a new TCR based

not only on a target epitope, but also a small set of

its cognate TCRs as additional input context, and so-

called called in-context training (ICT)1. Next, to address

the issue of unavailability of known context TCRs for

novel epitopes, we eliminate the need for having known

binding TCRs at the inference time by leveraging self-

contemplation prompting (SCP). It begins self-generating

an initial set of TCRs based only on a given epitope,

from which high-quality TCRs are selected and used as

input context (prompt). We assess the generated TCRs’

authenticity and binding potential using state-of-the-art

computational methods as a proxy for wet-lab validation.

This study pioneers the generation of potentially

cognate TCRs for novel epitopes, a challenging task

because these epitopes fall outside the distribution

1 Various terms have been employed to describe this

technique as mentioned in Section 2. We refer to this
approach as in-context training (ICT) for consistency with

the established terminology of in-context learning (ICL).

of known epitopes. We believe our work establishes

a foundation for developing more sophistracted TCR

generative models for novel epitopes. Further research is

needed to refine and validate generated TCRs. Crucially,

wet-lab validation remains essential to confirm the

functionality of generated TCRs. Code and models are

available at a public repository2.

2. Related Works

We first discuss recent efforts and challenges in

computational generation of TCRs. Next, we briefly

discuss strengths and limitations of in-context learning and

explicit meta-learning to enhance generalizability.

Computational generation of cognate TCRs.

While generative models have been widely applied to

the generation of biological sequences, including protein

sequences [9, 10], the specific domain of the generation of

TCR sequences has not been thoroughly explored. Existing

models primarily focus on replicating the distribution of

real TCR sequences, often overlooking the critical need

for epitope specificity [8]. Although reinforcement learning

methods have been developed to generate epitope-specific

TCRs, their application is restricted to in-sample epitopes,

and they require retraining for each new epitope [6].

Importantly, there is a lack of research on computationally

generating TCRs for out-of-distribution epitopes, despite

the significant interest in TCR engineering for newly

emerging epitopes.

The cost of wet-lab validation is another significant

challenge in the development of TCR generation models.

To address this, computational methods for predicting

binding affinity have emerged as valuable proxies.

Although not infallible, they expedite the development

process by reducing the number of candidates requiring

subsequent wet-lab validation. Various computational

approaches have been proposed [4, 11, 17]. Recent

works, such as catELMo embeddings with shallow linearly

connected layers [23] and PiTE [24], which leverage

pre-trained TCR embedding models, have achieved an

average AUC score of over 94% for TCR-epitope binding

prediction, even for unseen epitopes.

2 https://github.com/Lee-CBG/TCRGen
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In-context learning. LLMs have been recognized as

task-agnostic few-shot learners [3]. They can infer outputs

for test inputs based on a prompt consists of a few

input-output pairs demonstrating a desired task. It is

particularly beneficial for novel tasks where fine-tuning

data is scarce or unavailable. This capability is largely

attributed to their extensive pre-training on diverse and

large datasets, allowing them to meta-learn implicitly and

generalize quickly from few examples [3]. However, when

a model is not sufficiently scaled or applied to domains

significantly different from their pre-training data, their

generalization ability diminishes [26].

Explicit meta-learning, as opposed to the implicit

methods, involves pre-training or fine-tuning the model

on training data closely aligned with the testing data.

Although it requires adjustments of the pre-training

parameters, they can significantly improve performance

on targeted tasks. A recent work [14] leverages meta-

learning to train an LLM for few-shot learning tasks,

which they called meta-training for in-context learning.

Another team [5] proposed a similar approach, which they

called in-context tuning, involves fine-tuning of LLMs on a

small dataset of input-output pairs, enhancing its few-shot

inference capabilities.

3. Data

We collect experimentally validated TCR-epitope pairs

from three publicly available databases: McPAS [19],

IEDB [20], VDJdb [16]. We exclude pairs of which epitopes

are associated with fewer than 100 TCRs. It results in

the removal of 836 unique epitopes, which is 6.89% of the

total pairs (Figure 2). We further preprocess the data as

described in [4]. Pairs of human MHC class I epitopes

(linear) and TCRβ sequences are included only. Pairs

containing wildcards such as * or X and VDJdb pairs with

zero confidence scores are excluded. After preprocessing,

our dataset comprises about 140K unique TCR-epitope

interactions. To assess how well our models can generalize

to novel epitopes, we divide the 146 unique epitopes into

three distinct sets: training (64%), validation (16%), and

test (20%). Each set contains a completely distinct list

of epitopes and their associated TCRs. This ensures the

models are trained on a representative subset of data and

tested on entirely unseen epitopes–epitopes that do not

appear in training. This results in about 96.7K training,

23.5K validation, and 19.7K test TCR-epitope pairs. We

also source four million TCR sequences (unlabeled) from

healthy human TCR repertoire (ImmunoSeq, [15]) for

developing our evaluation framework. Throughout this

paper, we use the term ‘TCRs’ to refer to TCR β CDR3

(complementarity-determining region 3) sequences as it is

the most important CDR in antigen recognition.

4. Method

Our approach is in twofold: (1) in-context training

to maximize generalizability of in-context inference for

TCR generation in Section 4.1 and (2) self-contemplation

prompting to enable in-context inference even for novel
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Fig. 2. (A) The number of unique epitopes plotted against the

number TCRs that recognize them and (B) percentage of each

category in the dataset.

epitopes without known cognate TCRs in Section 4.2. We

then outline our evaluation metrics and baselines to assess

the quality of the generated TCRs in Section 4.3.

4.1. In-context training
Due to the limited diversity of the training epitopes, the

model has difficulty leveraging cognate TCRs provided as

in-context information when generating TCRs for unseen

epitopes. We address this challenge by training our model

in the way that mirrors the inference process itself. This

approach, referred to as in-context training (ICT), tailors

training samples to resemble few-shot prompting tasks.

This prepares the model to effectively leverage a few-shot

style contextual information during inference, despite the

scarcity of training epitopes.
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…
Fig. 3. Vanilla training (Vanilla) and in-context training (ICT). The

key difference lies in the context window. ICT involves multiple in-

context TCRs within each training sample, allowing the model to

leverage contextual TCRs when generating new sequences. However,

vanilla training lacks the contextual information, relying solely on

TCR-epitope pairs.

4.1.1. Vanilla training.

The vanilla instances (Figure 3, left) are formed as

EPI$TCR. EPI denotes an epitope sequence, and TCR denotes

a corresponding TCR sequence, sepearated by a token

delimiter $. The model parameterized by θ is trained to

maximize (log) likelihood of a TCR sequence T given a

target epitope E, expressed as:

argmaxθ pθ (T | E) (1)

4.1.2. In-context training.

The ICT instances (Figure 3, right) are formed as

EPI$TCR1$· · · $TCRk+1, leveraging multiple binding TCRs

as context for each subsequent TCR. The model

parameterized by θ is trained to maximize (log) likelihood

of a TCR sequence Tk+1 given the other TCRs T1, · · · , Tk
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Fig. 4. Comparison of our refined self-contemplation prompting approach (SCP) and standard few-shot prompting (FSP). Both approaches

leverage TCRs interacting with a target epitope for TCR generation inference. While FSP requires known TCRs as a basis for generating

new ones, SCP does not need pre-existing TCRs which makes it feasible to target novel epitopes.

as context and a target epitope E, expressed as:

argmaxθ pθ (Tk+1 | E, T1, · · · , Tk) (2)

The training objective is in line with the inference

objective of in-context learning via few-shot prompting

(Equation 3). This refined design is intended to ultimately

enhance the model’s capacity to generate high-quality

TCRs for novel epitopes (proposed in Sections 4.2).

4.1.3. Implementation detail.

We fine-tune a pre-trained protein language model,

RITA m [10], using both the vanilla and ICT training. RITA m

consists of 300 million parameters, pre-trained on over

280 million protein sequences. For the vanilla training, we

fine-tune on 96.7K unique TCR-epitope pairs, formatted

as EPI$TCR (Section 3). For ICT training, we curate the

samples by randomly grouping k + 1 TCRs that bind the

same epitope into a single instance (k = 4 for our model),

formatted as EPI$TCR1$· · · $TCRk+1. While the same TCR

can be included in multiple instances as long as there

are distinct epitopes where the same TCR is known to

bind, it cannot appear multiple times with the same

epitope. Comprehensive details about model training and

hyperparameter tuning are provided in Section A1.1.

4.2. Self-contemplation prompting
Although we believe that the use of known TCRs

interacting with a target epitope can lead to more reliable

TCR generation, the absence of known TCRs makes in-

context learning with the standard few-shot prompting

(Figure 4, left) unfeasible for novel epitopes. To address

this, we leverage a technique called self-contemplation

prompting (SCP) [13]. The core idea is to have the

model create its own prompts. The step-by-step process

(Figure 4, right) is outlined below.

4.2.1. Prompt generation.

First, we generate a set of n candidate TCRs (n =

300 in our experiment) for a target epitope via 0-shot

prompting. The prompt simply consists of the epitope

sequence followed by a delimiter (formatted as EPI$).

4.2.2. Prompt selection.

We evaluate the binding affinity and authenticity of each

candidate TCR using computational models. Detailed

evaluation procedure is demonstrated in Section 4.3. From

this evaluation, we select best k high-quality TCRs to serve

as prompts.

4.2.3. In-context inference.

The selected TCRs are combined into a k-shot prompt and

used as input for the standard few-shot inference. The

inference objective is to generate the most likley TCR

sequence t given the other TCRs T1, · · · , Tk as context

and a target epitope E:

argmaxt pθ (t | E, T1, · · · , Tk) (3)

The inference objective is the same with the standard

few-shot prompting (FSP) but utilizes machine-generated

TCRs as a prompt, excluding the need for known TCRs.

4.3. TCR quality evaluation

4.3.1. Metrics

We consider two key factors for evaluation of the generated

TCRs: binding affinity to target epitopes and similarity

to naturally occurring TCRs. These metrics act as pre-

screening filters, expediting the development process by

reducing the number of candidates requiring subsequent

wet-lab validation.

• Binding affinity: Binding affinity denotes TCRs’

ability to recognize a specific antigen (target epitope).

We employ two state-of-the-art computational methods

to evaluate it. The first is a catELMo-based prediction

model [23], referred to as BAP. It takes a pair of

epitope and TCR sequences as input and predicts their

binding affinity. The second method is TCRMatch [7],

a pairwise scoring metric between TCRs. It provides

a granular comparison of sequences on the basis of k-

mer level similarity, where a score of 1 indicates that a

pair of TCRs have the same binding profiles. Binding

affinity to a target epitope is defined by the maximum

similarity score of a generated TCR against ground-

truth TCRs. Since TCRMatch relies on ground-truth

TCRs, it is not used in the SCP prompt selection. It is

only used for the final evaluation.

• Authenticity: Authenticity of generated TCRs,

reflecting its similarity to naturally occurring TCRs,

is crucial for both their functionality and safety

in immunotherapy development. We use a common

anomaly detection technique [18], where the likelihood

of generated sequences serves as an indicator for

authenticity. To this end, we fine-tune a GPT-style

protein sequence model [10] to learn the patterns

of naturally occurring TCRs using four million real

TCR sequences from ImmunoSeq [15], named GPT-

LL. The average log-likelihood of all amino acids within
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a generated TCR sequence serves as our authenticity

metric.

A generated TCR is deemed high-quality, labeled

‘good’, if it exceeds predefined thresholds for both

binding affinity and authenticity. To establish these

optimal thresholds, we maximize Youden’s Index J [22].

This approach prioritizes correctly distinguishing known

strong and weak binders (for TCRMatch, the binding

affinity evaluation metrics) and known authentic and

non-authentic sequences (for GPT-LL the authenticity

evaluation metrics). The BAP threshold is further

optimized to classify at least 80% of non-epitope-specific

TCRs as negative, based on their distribution generated by

GPT-LL (Section 4.3.2). These metrics serve as pre-screening

filters, prioritizing high-scoring TCRs for further wet-lab

functional assays. Details regarding the computational

models and the process of determining optimal thresholds

can be found in Section A3.

4.3.2. Baselines

As no prior works exist to generate TCRs for novel

epitopes, we carefully design baselines and an oracle

to demonstrate unique contributions and advantages of

our approach. The first baseline is a pre-trained TCR

generation model trained exclusively on TCR sequences

(GPT-LL) without epitope-specific fine-tuning, which we

refer to as epitope agnostic generator. This establishes a

baseline performance and helps estimate an appropriate

threshold for our binding affinity metrics, under the

assumption that the rate of good TCRs will be very

small. The second baseline is a model fine-tuned on

Vanilla training samples, performed with 0-shot inference

given only the target epitope (Vanilla-0-shot). This aims

to evaluate the model’s ability to generalize to unseen

epitopes without any TCR information. The third and

fourth baselines are models fine-tuned with ICT, and

performed with few-shot inference given fake TCRs that

are randomly generated from recombinations of amino

acid tokens (ICT-FSP-Fake) and given randomly selected

healthy TCRs known to not bind the target epitope (ICT-

FSP-Healthy). Those aim to explore the impact of ICT

with non-informative in-context TCRs. We also include

an oracle model (ICT-FSP) that is fine-tuned with ICT

and performed with few-shot inference given ground-truth

TCRs. Although this scenario is not realistic for real-world

applications where ground-truth is unknown, it provides a

valuable estimate of the best-case few-shot performance

achievable with our ICT approach.

5. Results

We first demonstrate that aligning training and inference

through in-context training allows the model to effectively

leverage contextual TCRs during inference. Furthermore,

by integrating in-context training with self-contemplation

prompting (SCP), we not only boost performance with

contextual TCRs, but also enable the generation of high-

quality TCRs without relying on ground-truth data. We

also validate the reliability of our TCR evaluation metrics,

ensuring robust and accurate assessments.

In our experiments, models can be exposed to data

during both training and inference. For this, we classify

these models based on whether each model is exposed to

known binding TCRs of query epitope E during training

and/or inference (See Table 1 for details along with section

numbers each model is discussed in).

Table 1. Classification of models used in all experiments based

on data used in training and at the time of prompting respect

to query epitope E.

Q: Do E and its known binding TCRs

appear in training?

Yes

(Seen E)

No

(Unseen E)

Q: Any known binding TCRs for E

provided at the time of prompting?

Yes No Yes No

(Novel E)

Sect 5.1: Vanilla-0-shot (Seen E) ✓

Sect 5.2: Vanilla-FSP

Sect 5.2: ICT-FSP
✓

Sect 5.1, 5.2: Vanilla-0-shot

Sect 5.2: ICT-0-shot

Sect 5.3: ICT-SCP-Select/Random/Chain

✓

5.1. TCR generation for unseen epitopes are
challenging in standard framework

When there is a gap between training and inference

distribution, the standard 0-shot TCR generation

struggles with unseen epitopes that are never exposed to

model training. This is observed across various inference

temperatures (Figire 5A). At a temperature setting of 0.4,

the vanilla training generates 82% of high-quality TCRs

for seen epitopes it was trained on (in-sample) with a

standard deviation of 0.01. However, it only generates 80%

of high-quality TCRs for 29 unseen epitopes with a higher

standard deviation (0.04). While the average performance

between the two groups is not statistically significant, it

is important to note that there are some unseen epitopes

with very low success rates (Figure 5B). A similar pattern

is observed for individual quality evaluation metrics such

as BAP, TCRMatch and GPT-LL.

5.2. In-context training is critical for few-shot
TCR generation

To investigate the impact of aligning training and inference

distributions, we compare vanilla training with ICT

on few-shot TCR generation tasks. This approach is

particularly relevant in real-world scenarios when dealing

with epitopes that have very limited known binding TCRs.

We hypothesize that leveraging the available in-context

information during the generation process can significantly

enhance TCR design by providing the model with crucial

binding data as context. To isolate the effect of in-context

learning, known binding TCRs for unseen epitope (See

Table 1 for definition) are provided during inference,

instead of machine generated TCRs.

We observe that vanilla training fails to leverage

in-context TCRs (Figure 6). The average success rate

plummets from 80% to a mere 3% when extra context

TCRs are included in the prompts. Meanwhile, ICT

achieves equal or better performance in k-shot than 0-shot
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Fig. 6. Comparison of good TCR rates across different shots for unseen epitopes between vanilla training with few-shot prompting (Vanilla-

FSP) approach and in-context training with few-shot prompting (ICT-FSP). The key difference is in their fine-tuning samples: Vanilla

training instances are formed as EPI$TCR, while ICT training instances are formed as EPI$TCR1$· · · $TCRk+1. Both methods use known binding

TCRs as in-context samples and perform few-shot prompting during inference. These known binding TCRs are not used during training.

inference for 20 out of 29 novel epitopes. Similar trends

are observed with each individual metric (Figure 6). This

emphasizes the crucial role of aligning the training input

with how the model will be used, in order to fully unlock

the potential of in-context learning for novel epitopes.
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Fig. 7. Visualization of ground-truth and generated TCRs by ICT-

FSP and Vanilla-FSP using a 4-shot inference using ground-truth

TCRs. Each TCR sequence is mid-padded with a special token X to

make the lengths of all TCRs identical prior to generating the logos.

Results of the two epitopes VLAWLYAAV and AYILFTRFFYV are

presented as illustration examples, selected at random.

Visual assessment using SeqLogo also supports this

observation. We select two epitopes that have shown

suboptimal performance on zero-shot inference and

examine their seqlogo plots generated by 4-shot inference

by ICT-FSP and Vanilla-FSP against ground-truth

(Figure 7). Each TCR sequence is mid-padded with a

special token X, a standard method to analyze TCR

sequences [12]. To evaluate differences in sequence

generation patterns across models, we compared all

generated sequences without filtering for “good” TCRs.

This approach allows us to directly assess the intrinsic

tendencies of each model’s output, providing a clearer

picture of generation patterns without the influence of

evaluation metrics. Vanilla training struggles to replicate

the ground-truth amino acid distribution when few-shot

TCR prompts are used. In contrast, TCRs generated

from ICT-FSP closely mirrored the ground-truth. This

disparity highlights the benefits of aligning training with

inference strategies, particularly when contextual TCRs

are available to guide generation.

5.3. Self-contemplation prompting unlock
in-context TCR generation for novel epitopes

Carefully generated TCR prompts enhances high-

quality TCR generation. By leveraging self-generated

TCR sequences as in-context TCRs, our model effectively

generates potential TCRs for novel epitopes without

requiring known binding TCRs. We observe that SCP

with longer context window (k=10) achieves a significantly

higher rate of successful TCR generation compared to the

baseline (Vanilla 0-shot), which lacks in-context TCRs

(Table 2). We also observe that TCRs generated by SCP-

Random and SCP-Select are visually similar to ground-

truth TCRs (Figure A1). We also compare three SCP

variants (SCP-Random, SCP-Select, and SCP-Chain).

SCP-Random selects k in-context TCRs randomly from

the model’s 0-shot inferences. SCP-Select, on the other

hand, identifies high-quality TCRs and selects the top k

in-context TCRs based on BAP and GPT-LL evaluation

metrics. SCP-Chain iteratively selects in-context TCRs

from previous inference outputs as prompts for subsequent

contexts. For iteration j, SCP-Chain selects the best

TCR generated from iteration j − 1 based on BAP and

GPT-LL evaluation metrics, and add it to the prompt

used in iteration j − 1. Overall, SCP-Select outperforms

both SCP-Random and SCP-Chain (see Table 2). SCP-

Chain often performs similarly to SCP-Random. This

may be attributed to the iterative nature of SCP-Chain,

where errors in earlier generations steps can propagate and

accumulate.

Synthesized TCR can provide adequate contextual

information better than or comparably to ground-

truth. Given that SCP relies entirely on self-generated
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Fig. 8. Good TCR rates of self-contemplation prompting (SCP) approaches for novel epitopes along with the number of inference shots (i.e.,

context TCRs). All inferences are performed by a model trained on in-context instances formed as formed as EPI$TCR1$· · · $TCR10. Each setting

generates 300 TCRs for each epitopes.

TCRs as in-context prompts, we compare the performance

of synthesized context TCRs from SCP (ICT-SCP-

Random) to ground-truth context TCRs (ICT-FSP).

While ground-truth context TCRs are impractical to

obtain for novel epitopes, ICT-FSP can serve as a

performance upper bound. Conversely, we evaluate the

performance of Fake (ICT-FSP-Fake) and healthy TCRs

(ICT-FSP-Healthy) as non-binding inference contexts,

providing a performance lower bound. Table 2 shows that

ICT-SCP-Random performs better than or comparably

to ICT-FSP, suggesting that SCP, even with self-

generated TCRs, is as effective as models utilizing ground-

truth binding TCRs as inference context. This ability

to iteratively generate its own prompts makes SCP

independent of pre-existing TCR knowledge and expands

its applicability to cases lacking known binding TCRs.

Our findings signify SCP’s effectiveness, particularly when

combined with in-context training, for generating TCRs in

scenarios where ground-truth TCR data is unavailable.

A minimal number of context TCRs are sufficient

to achieve optimal performance. The performance

of TCR generation for novel epitopes increases with

the number of context TCRs provided as inference

prompts and converges after a small number of shots

(Figure 8). BAP reached its performance limits after six

shots. However, TCRMatch and GPT-LL seems to have

already reached its performance ceiling at 1-shot. This is

presumably because they exhibit strong performance in

discriminating non-binding sequences (Figure 9B) and the

model is already capable of generating TCRs that deviate

from random distributions only based on a target epitope.

5.4. Reliability of TCR quality metrics
We assess the reliability of three TCR quality evaluation

metrics: BAP, TCRMatch, and GPT-LL by (1)

statistically testing whether metric scores of high-quality

and low-quality TCR groups originated from different

distributions and (2) evaluating the ability of each

metric to accurately predict the high-quality and low-

quality TCRs (Figure 9). For binding affinity metrics

(BAP and TCRMatch), we compare the distribution

of curated binding (high-quality) and non-binding (low-

quality) TCRs. Similarly, the authenticity metric (GPT-

LL) was assessed using authentic (high-quality) and fake

(low-quality) TCRs. Details about data curation and

optimal threshold are provided in Section A3.3.

5.4.1. Statistical comparison

The Kolmogorov-Smirnov (KS) test indicates that BAP

scores of the binding and non-binding TCRs have

different underlying distributions (Figure 9A, p-value

< 0.0001). Similarly, GPT-LL effectively discriminates

between authentic and fake TCRs, with the test confirming

a significant difference in their underlying distributions

(Figure 9C, p-value < 0.0001). Although the difference in

distributions for the TCRMatch metric is less pronounced

(p-value = 0.09), it remains valuable, particularly since

it significantly identifies non-binding, potentially nonsense

TCR sequences such as S and AA (p-value < 0.0001, also

visualized in Figure 9B).

5.4.2. Predictive power

BAP has been proven to perform well in distinguishing

between known binders and non-binders (AUC 0.97)

(Figure 9D). GPT-LL also shows robust performance with

an AUC of 0.87, effectively predicting the authenticity

of TCR sequences. While TCRMatch has a lower AUC

of 0.51, it is included for its proficiency in identifying

non-binding sequences with random combinations such as

ZYZSTS, SAVBYDCCG, and DPTZEBNSTR. Although we

considered VAE-loss (detailed in Section A3) as a potential

metric for authenticity, it was ultimately excluded because

it did not provide additional discriminative value beyond

the insights offered by the other three metrics, despite its

moderate AUC of 0.75.

Table 2. Good TCR rates of different approaches for novel epitopes. Each setting generates 300 TCRs for each epitopes.

BAP TCRMatch GPT-LL

N. of Training Contexts 0 5 10 0 5 10 0 5 10

N. of Inference Contexts 0 5 10 0 5 10 0 5 10

Epitope-agnostic Generator (Baseline) 21.28 (1.54) - - 97.30 (1.14) - - 96.40 (2.01) - -

Vanilla-0-shot (Baseline) 88.14 (1.35) - - 93.13 (4.22) - - 92.46 (4.02) - -

ICT-FSP-Fake (Baseline) - 78.15 (1.64) 79.67 (1.61) - 90.43 (4.27) 96.63 (1.96) - 91.15 (3.40) 95.93 (1.91)

ICT-FSP-Healthy (Baseline) - 77.80 (1.31) 84.63 (0.92) - 99.61 (0.10) 99.53 (0.14) - 98.56 (0.16) 98.63 (0.11)

ICT-FSP (Oracle) - 79.67 (1.47) 87.17 (1.01) - 96.26 (3.36) 99.48 (0.12) - 96.47 (2.22) 98.72 (0.21)

ICT-SCP-Random - 80.54 (1.44) 89.61 (1.02) - 99.70 (0.09) 99.71 (0.11) - 98.63 (0.16) 99.14 (0.16)

ICT-SCP-Chain - 80.00 (1.45) 90.86 (0.96) - 99.07 (0.46) 98.39 (0.85) - 98.45 (0.14) 99.48 (0.07)

ICT-SCP-Select - 82.70 (1.22) 91.91 (0.92) - 99.75 (0.07) 99.77 (0.08) - 98.99 (0.09) 99.17 (0.21)
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Fig. 9. Distribution of the TCR quality evaluation metrics. (A) BAP, a measure of binding affinity, is assessed by comparing the scores

of binding TCRs against non-binding healthy TCRs given a set of target epitopes. (B) TCRMatch, another measure of binding affinity,

is assessed by comparing the scores of three TCR groups given a set of target epitopes: binding TCRs, non-binding healthy TCRs, and

non-binding randomly generated TCRs. (C) GPT-LL, a measure of TCR authenticity, is assessed by comparing the scores (log-likelihoods) of

authentic TCRs obtained from a healthy repertoire with those of randomly generated fake TCRs. (D) ROC curves illustrating the predictive

power of the TCR quality evaluation metrics in distinguishing the high and low-quality TCRs.

6. Discussion and Conclusion

Our study is the first to delve into high-quality TCR

generation especially for novel epitopes. The challenge is,

due to scarce data and limited diversity, TCR sequence

generation models exhibit limited generalizability. These

models fail to take advantage of in-context learning

when generating binding TCRs for novel epitopes, which

typically come from a different data distribution. To

address this, we shape training samples into a form of few-

shot learning, reducing the discrepancy between training

and inference distributions. Since no known binding

TCRs exist for novel epitopes, we generate and select

high-quality TCRs to serve as a few-shot prompt. This

ultimately improves the model’s performance in few-shot

settings. We also introduce a reliable way for screening

the generated TCRs based on two key criteria: binding

affinity and authenticity. These screened TCRs become

strong candidates for further wet-lab validation to confirm

their effectiveness.

This method of designing high-quality TCRs for novel

epitopes (new targets) is crucial to accelerate the design

of personalized immunotherapy strategies. Computational

generating and evaluating TCRs significantly speed up the

T cell engineering process. This results in substantial cost

reductions by minimizing the need for labor-intensive wet-

lab validation.

Our findings, while specifically focused on the

generation of TCR sequences targeting a particular

epitope, may offer valuable insights for the broader field

of biological sequence generation. The key finding is the

importance of both context-rich training and inference.

This includes training a model in the same way as inference

and incorporating synthetic data to enrich the inference

when real-world data is limited. This might be beneficial

for many biological sequence generation tasks that often

grapple with challenges such as limited dataset size,

constrained diversity, and strong emphasis on targeted

generation.

While we provides specific methods for determining

cutoffs, alternative approaches, such as t-tests, could be

explored. The thresholds used are illustrative and should

be adjusted based on users’ tolerance for false positives.

Higher thresholds reduce false positives but may miss

TCRs of interest, while lower thresholds capture more

TCRs at the cost of increased false positives. Further, the

evaluation metrics used in this study, while achieving high

precision, are not without inherent error. Ultimately, wet-

lab validation remains a definitive step in confirming the

TCR effectiveness. However, it is important to note that

this computational pipeline prioritizes curating a refined

set of high-quality candidate TCRs for subsequent wet-lab

validation, resulting in expediting overall TCR engineering

process.
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A1 Model training

A1.1 Design and training
Our models are fine-tuned from the RITA_m, a large pretrained protein language models (pLMs). It is a
medium-sized model with 300 million parameters across 24 layers, selected for its optimal balance between
computational efficiency and generative performance. A character-level tokenizer is used to process epitope
and TCR sequences, treating each amino acid as a distinct token. Special tokens such as $ (delimiter),
<EOS> and <PAD> are included to manage sequence operations effectively within our model’s architecture.
We employ a cross-entropy loss function focused on predicting tokens following the delimiter.

A1.2 Hyperparameter tuning
We optimize the model with the following search space (bold indicates our final choices): number of contex-
utual TCRs (T) for ICT – {3,5, 10}, batch size – {16, 32}, learning rate – {2 × 10−4,2× 10−5, 1 × 10−5},
training epoch – {1, 2, 4}, and temperature – {0.4, 0.7, 1.0}. Training is stopped after the first epoch be-
cause validation error began to increase. We train the model via Adam optimizer with linear learning rate
scheduler. The hyper-parameters are tuned via grid search.

A1.3 Computing resources
The model is implemented using Pytorch with torch version 2.0.0 and CUDA version 11.7. It is trained on
two NVIDIA GTX 2080 Ti GPUs in parallel (VRAM about 11GB) with training times of under 3 hours per
epoch.

A2 Model inference
During inference, the model generates TCR sequences by extending beyond the delimiter token using beam
search. To control the generation process, we set a maximum sequence length of 64 amino acids, a top_k
sampling value of 8 to encourage diversity.

A3 TCR quality evaluation
We introduce two key aspects that are commonly used to evaluate quality of generated TCRs: binding affinity
to the target epitope and similarity to naturally occurring TCRs. These metrics act as pre-screening filters,
expediting the development process by reducing the number of candidates requiring subsequent wet-lab
validation.

A3.1 Binding affinity
• BAP: BAP [9] is a binding affinity prediction model that takes a pair of epitope and TCR sequences as

input and outputs the predicted probability of binding. It employs a catELMo embedding [9] for TCR
sequences and a traditional BLOSUM embedding [4] for epitope sequences. These embeddings are
then fed into separate neural network layers with SiLU activation, batch normalization, and dropout.
They are then concatenated and fed into another neural network with similar layers. Finally, a single
neuron with a sigmoid activation function outputs a binding affinity score between 0 and 1 where a
score of 0 indicates no predicted binding affinity, while 1 signifying a strong binding potential.

• TCRMatch: TCRMatch [1], is a k-mer matching algorithm that assesses the similarity between two
TCR sequences by progressively breaking them down into k-mers (i.e., k amino acids). The final
score is a normalized sum of similarity scores for all k-mer sizes. To estimate how well a generated
TCR might bind to a specific epitope, we compare it to a set of ground-truth TCRs that bind to the
target epitope. We first randomly select 50 of these known TCRs and calculate a TCRMatch score
for the generated TCR against each of these ground-truth TCRs. The final binding affinity score is
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the highest among these 50 TCRMatch scores. This score ranges from 0 to 1, where 0 indicates no
sequence similarity and 1 denotes a strong similarity to known binding TCRs.

A3.2 Authenticity
• GPT-LL: GPT-LL is a GPT-style model fine-tuned on a protein sequence model [5] to learn patterns

present in four million real TCR sequences from TCR repertoire data (ImmunoSeq, [7]). It comprises
24 transformer layers and a total of 300 million parameters, outputting a probability distribution over
all possible amino acids in the vocabulary. Naturally occurring TCRs exhibit unique patterns due to
their generation process: they are formed by recombining three different gene segments of multiple
alleles and incorporating random base substitutions at the junctions. The log-likelihood score from a
model trained on real TCRs can help identify these characteristic patterns. We calculate the GPT-LL
log-likelikhood of each amino acid token in the generated TCR sequences and average these values
to obtain a measure of authenticity. This score ranges from -Inf to Inf. Lower log-likelihood scores
indicate a higher degree of anomaly, meaning the sequence is less likely to be a real TCR. Conversely,
higher log-likelihood scores suggest a higher degree of authenticity.

• VAE-loss: We use a common technique using a VAE reconstruction loss as an indicator of generated
output authenticity. Given a VAE’s ability to encode input data (TCR sequences in our setting)
into a compressed latent space and reconstruct it back, authentic TCR sequences are expected to
have low reconstruction loss. We adopt a VAE architecture proposed by [2], adapting the input
format and training dataset since their model was designed for CDR3 sequences along with V and
J genes, whereas we only require CDR3 sequences as input. The model utilizes BLOSUM62 matrix
to embed TCR sequences and feeds them into bidirectional LSTM layers. The objective function
jointly minimizes reconstruction loss (measuring the accuracy of sequence regeneration from the latent
space) and Kullback–Leibler divergence (quantifying the similarity between generated and real data
distributions). We optimize the model using the Adam optimizer, and implement an early stopping to
prevent overfitting, halting training after 30 epochs without validation loss improvement or reaching a
maximum of 200 epochs.

A3.3 Identification of optimal threshold
We identify the optimal thresholds for both criteria by maximizing Youden’s Index (J) [8]. Detailed procedure
is as follow.

• Curation of binding and non-binding TCRs: To determine the optimal threshold for the binding
affinity measures, we curate sets of binding and non-binding TCRs specific to the target epitopes. For
binding TCRs, we randomly source experimentally validated TCRs known to interact with the target
epitopes from our test set. For non-binding TCRs, we follow a common practice [6, 3, 9], as there is
a limited availability of experimentally validated non-binding TCRs. We source TCRs from healthy
repertoires (ImmunoSEQ [7]) and randomly pair with target epitopes, generating non-binding TCR-
epitope pairs. This resulted in 2,900 binding and 2,900 non-binding TCR-epitope pairs (100 binding
and non-binding TCRs per each target epitope).

• Curation of authentic and fake TCR: To determine the optimal threshold for the authenticity
measure, we create two datasets: a set of authentic TCRs sourced from human repertoires and a set
of synthetically generated fake TCRs. To synthesize fake TCRs, we first compute the position-specific
amino acid profile of four million TCR sequences from human repertoires (ImmunoSeq). For each
authentic TCR, we generate a fake TCR of the same length, by sampling an amino acid for each
position from the position-specific profile. This produces fake TCR sequences with realistic amino acid
frequencies at each position but lacking contextual dependencies among amino acids. As a result, we
obtain 2,900 authentic TCRs and 2,900 fake TCRs.

• Identifying the best threshold via Youden’s Index J: We identify the optimal cut-off point for
each evaluation metric by maximizing Youden’s Index (J): J = sensitivity + specificity − 1. This is
equivalent to maximizing the true positive rate while minimizing the false positive rate. The curated
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binding and non-binding TCR groups serve as positive and negative sets for determining binding
affinity metrics thresholds (BAP and TCRMatch). The curated authentic and fake TCR groups are
used for establishing an authenticity metric threshold (GPT-LL). A simple search iterating through a
set of possible values between 0 and 1 identifies the threshold that yields the maximum value. Once
these thresholds are established, a generated TCR is classified as ‘high-quality’ or ‘good’ TCR only if
it surpasses all three metrics’ established thresholds.

A4 Additional Figures and Tables
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Figure A1: Visualization of ground-truth and generated TCRs by ICT-SCP-Random and ICT-SCP-Select
using a 4-shot inference. Results of the two epitopes VLAWLYAAV and AYILFTRFFYV are presented.
Notably, the SCP method operates without requiring known binding TCRs as part of the in-context prompts,
relying instead on self-generated TCRs.
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