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Abstract

Discovering antigen proteins, capable of eliciting desired immune responses, is
of paramount importance in developing immunogenic therapeutics for combating
various diseases, particularly autoimmune disorders, infectious diseases, as well as
cancers. Accurate and generalizable immunogenicity prediction with recent AI/ML
advancements that can guide antigen design has emerged as a crucial subject in
computational therapeutic discovery. However, due to insufficient labeled data,
existing approaches tend to be overly simple. Many immunogenicity prediction
models do not generalize well, making their predictions unreliable. Uncertainty
Quantification (UQ) approaches are commonly used to address the aforementioned
challenges when applying AI/ML methods with limited training data, aiming
to reduce the risk of catastrophic errors. In developing AI/ML immunogenicity
prediction models, these errors may lead to significant waste in cost and time for
consequent therapeutic development for new immunogenic antigen proteins. We
here present ImmUQBench, a benchmark for evaluating different well-known
UQ methods for antigen immunogenicity prediction. Our work has the potential
to facilitate more effective and reliable therapeutic antigen design, by providing
insights into the efficacy of different UQ methods on immunogenicity predictions.

1 Introduction
Immunogenicity refers to the ability of a pathogen to provoke host immune responses. Iden-
tifying which pathogen proteins are likely to trigger an immune response is an absolutely vi-
tal step when developing new protein-based immunogenic therapeutics, e.g. vaccines [12, 1].

Figure 1: Uncertainty Quantification (UQ) in pro-
tein immunogenicity prediction

This process, often called immunogenicity pre-
diction, is a key task that helps scientists an-
ticipate and manage potential problems before
a therapeutic even reaches clinical trials. Deep
learning models have significantly advanced this
task by enabling scalable and accurate predic-
tions [33, 59]. However, their effectiveness is
often hindered by the scarcity of labeled data
and a mismatch between the task complexity
and model assumptions, leading to suboptimal
performance and limited generalizability, partic-
ularly when designing for broad viral efficacy.

The advent of Large Language Models (LLMs)
marks a pivotal advancement in natural language processing (NLP), fundamentally reshaping its
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capabilities [50, 10, 6]. This progress has, in turn, facilitated the emergence of general-purpose
computational tools within the field of biology. In particular, the adaptation of language modeling
techniques to proteins has led to the emergence of powerful protein language models (PLMs), which
have demonstrated strong performance on a variety of downstream tasks [57, 15, 17]. These models
frequently surpass traditional approaches and offer improved generalization capabilities.

Despite their empirical success, both traditional ML prediction models and PLM integrated DL models
designed for downstream tasks often exhibit overconfident predictions and are prone to generating
hallucinated outputs [19, 48], raising concerns about their reliability and trustworthiness in sensitive
applications, e.g. safety and efficacy related therapeutic design. To mitigate these limitations, the
machine learning community has increasingly turned to uncertainty quantification (UQ) techniques.
Broadly, UQ methods fall into two categories: Bayesian approaches [8, 11, 18], which provide a
principled probabilistic framework but can be computationally intensive or impractical, and non-
Bayesian approaches [2, 9, 28], which are often more tractable and performant but lack strong
theoretical guarantees.

In this work, we introduce ImmUQBench, a benchmark designed to systematically evaluate a diverse
set of UQ methods in the context of immunogenicity prediction. Specifically, we compare both
Bayesian and non-Bayesian methods across various experimental scenarios, including in-distribution
and out-of-distribution settings, to assess their predictive accuracy, uncertainty estimation quality,
and robustness to distributional shifts. Additionally, we conduct an ablation study to evaluate the
performance of these methods when part of the input information is missing, comparing them against
their deterministic counterparts. We also examine the impact of different protein sequence encoding
schemes, highlighting robustness to alternate encodings that express the same underlying sequence
information.

To the best of our knowledge, ImmUQBench is the first comprehensive benchmark to assess
UQ methods for immunogenicity prediction on three distinct immunogenic protein data sources,
an essential step in therapeutic design, including vaccine development. Followings are the brief
summaries of our contributions:

• Pioneering Benchmark in Immunogenicity: We introduce ImmUQBench, a benchmark for uncer-
tainty quantification in immunogenicity prediction.

• Extensive Evaluation of UQ across Several Data Distributions: We systematically evaluate a wide
range of Bayesian and non-Bayesian UQ approaches on three distinct immunogenic data sources,
both across in-distribution and out-of-distribution scenarios.

• Evaluation of Various Data Representation and Model Ablation: We provide insights through ex-
tensive experiments and ablation studies to support antigen design and broadly effective therapeutic
development.

2 UQ for Deep Neural Networks
As Deep Learning models have become widely adopted across a broad range of tasks, their trust-
worthiness and reliability of their prediction have become essential and critically important, as
they struggle to distinguish between in and out-of-distribution datasets [22, 54] as well as being
sensitive to domain shift [40]. This is particularly important in safety critical tasks where data is often
scarce, wrong predictions can lead to severe consequences. Hence, it is essential that these models
express their uncertainty when confronting out-of-distribution data. Different approaches have been
developed and utilized for uncertainty quantification that can be broadly categorized into Bayesian
methods [18, 29, 20, 43, 36, 32, 45, 8, 11] and non-Bayesian methods [61, 30, 28, 2, 4, 9, 3].

In this work, for each category of UQ methods, we consider widely used and representative approaches.
Finally, as all the UQ methods ultimately aim to produce well-calibrated and reliable predictive
distributions, we also include Temperature Scaling (TS) [22] as a baseline for comparison.

3 Experiments
In ImmUQBench, we focus on investigating UQ approaches in identifying whether pro-
teins—originating from humans, bacteria, or viruses—are immunogenic. This task can be cast
as a binary classification problem, where the model is trained to predict whether a given protein (or
peptide segment) is an immunogenic antigen.
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Table 1: In-Distribution immunogenicity prediction and UQ results.
Dataset Model Accuracy(↑) Precision(↑) Recall(↑) F1 Score(↑) AUC ROC(↑) ECE(↓) NLL(↓) Brier Score(↓)

Virus

Ensemble 0.9345 0.9479 0.9249 0.9363 0.9809 0.0238 0.1850 0.0521
Deterministic 0.9055 0.9082 0.9059 0.9071 0.9647 0.0413 0.2808 0.0711

SWAG 0.9219 0.9380 0.9108 0.9242 0.9728 0.0743 0.2422 0.0667
DROPOUT 0.9055 0.9082 0.9059 0.9071 0.9647 0.0411 0.2799 0.0710

DVBLL 0.9030 0.9107 0.8995 0.9051 0.9621 0.0346 0.2882 0.0729
LA 0.8904 0.9256 0.8674 0.8956 0.9633 0.0108 0.2498 0.0750

EDL 0.9005 0.9305 0.8803 0.9047 0.9643 0.0152 0.2537 0.0743
TS 0.9055 0.9082 0.9059 0.9071 0.9647 0.0311 0.2604 0.0699

SVDKL 0.9156 0.9305 0.9058 0.9180 0.9577 0.1058 0.3050 0.0801

Bacteria

Ensemble 0.8327 0.6897 0.8054 0.7430 0.8883 0.0685 0.4788 0.1302
Deterministic 0.8145 0.6897 0.7595 0.7229 0.8702 0.1332 0.7672 0.1526

SWAG 0.8327 0.7414 0.7725 0.7566 0.8780 0.0133 0.4046 0.1251
DROPOUT 0.8125 0.6897 0.7547 0.7207 0.8699 0.1349 0.7654 0.1525

DVBLL 0.8185 0.6782 0.7763 0.7239 0.8743 0.0824 0.5112 0.1375
LA 0.8246 0.7356 0.7574 0.7464 0.8675 0.0752 0.5251 0.1386

EDL 0.7944 0.6494 0.7338 0.6890 0.8318 0.1259 0.5237 0.1739
TS 0.8145 0.6897 0.7595 0.7229 0.8702 0.1192 0.6425 0.1475

SVDKL 0.8246 0.6437 0.8175 0.7203 0.8689 0.1513 0.4991 0.1577

Tumor

Ensemble 0.7500 0.7869 0.6486 0.7111 0.8483 0.0413 0.4701 0.1599
Deterministic 0.7436 0.7869 0.6400 0.7059 0.8336 0.0298 0.4908 0.1659

SWAG 0.7692 0.7541 0.6866 0.7188 0.8537 0.0189 0.4610 0.1527
DROPOUT 0.7500 0.7869 0.6486 0.7111 0.8330 0.0360 0.4908 0.1659

DVBLL 0.7628 0.5574 0.7727 0.6476 0.8585 0.0669 0.4743 0.1574
LA 0.7692 0.5574 0.7907 0.6538 0.8564 0.0724 0.4975 0.1639

EDL 0.7692 0.8033 0.6712 0.7313 0.8552 0.0700 0.4867 0.1600
TS 0.7436 0.7869 0.6400 0.7059 0.8336 0.0298 0.4908 0.1659

SVDKL 0.6154 0.3770 0.5111 0.4340 0.5770 0.1132 0.6920 0.2494

In this study, we leverage ImmunoDB, the largest curated immunogenicity database with 7,216
labeled antigens from bacteria, viruses, and humans, providing a rigorous benchmark for model
evaluation. As the backbone, we adopt VenusVaccine [34], a multimodal deep learning model that
integrates sequence, structural, and physicochemical features through a hierarchical cross-attention
framework. For our experiments, we follow VenusVaccine’s training settings with slight architectural
modifications—adding probabilistic layers to enable stable training and robust uncertainty estimation.
Details are provided in the appendix.

3.1 ID (In-Distribution) Results
Table 1 presents the performance of various models on three in-distribution immunogenic datasets.
In-distribution evaluation refers to the scenario where the train and test sets both originate from
the same immunogenic data source, e.g. virus, bacteria or tumor (test data source = train data
source). For each of the three immunogenic datasets, the majority of UQ methods showed superior
results compared to the deterministic model across nearly all performance and uncertainty metrics,
underscoring the benefits of uncertainty-aware modeling.

For Immuno-Virus dataset, the ensemble model outperforms other models in terms of all metrics
except ECE where LA yields the best calibrated predictions. In evaluating the Immuno-Bacteria
dataset, SWAG stands out for its dominant uncertainty quantification performance, achieving the
best results across all relevant metrics. While it also performs better than most models in terms
of predictive accuracy, SVDKL and Ensemble achieve slightly higher performance in Recall and
AUC ROC, respectively. For the Immuno-Tumor dataset, SWAG consistently demonstrates the
most effective uncertainty quantification, achieving the highest scores across all uncertainty metrics.
However, in terms of predictive performance, it is often outperformed by LA or EDL, depending on
the specific metric considered.

3.2 OoD (Out-of-Distribution) Results
Apart from the evaluation of models on test datasets, trained on respective data sources; we also
report the out-of-distribution evaluation results based on the following three settings (test data source
̸= train data source). OoD results, when the model is trained on Bacteria and Tumor datasets, are
provided in the appendix.

Generalization Performance of Models Trained on Immuno-Virus Dataset: Table 2 shows the
evaluation of models on Immuno-Bacteria and Immuno-Tumor datasets, while they were trained on
Immuno-Virus dataset. Although the ensemble model outperformed other models at the in-distribution
scenario (Immuno-Virus test dataset), as mentioned in the first block of table 1, its performance
degraded at the out-of-distribution scenario. The ensemble model performed best in the Immuno-
Bacteria dataset in terms of the performance metrics, however it lagged behind in terms of the UQ

3



Table 2: Results on Immuno-Bacteria and Immuno-Tumor datasets of models trained on Immuno-
Virus dataset.

Dataset Model Accuracy(↑) Precision(↑) Recall(↑) F1 Score(↑) AUC ROC(↑) ECE(↓) NLL(↓) Brier Score(↓)

Bacteria

Ensemble 0.7117 0.1954 0.9189 0.3223 0.7026 0.1429 0.6879 0.2110
Deterministic 0.6875 0.1437 0.8065 0.2439 0.6319 0.2817 2.0780 0.2934

SWAG 0.6895 0.1379 0.8571 0.2376 0.7265 0.1863 0.6885 0.2277
DROPOUT 0.6875 0.1437 0.8065 0.2439 0.6324 0.2814 2.0630 0.2932

DVBLL 0.6774 0.1322 0.7188 0.2233 0.6682 0.2875 2.4999 0.2988
LA 0.6915 0.1494 0.8387 0.2537 0.6934 0.1921 0.7689 0.2339

EDL 0.6653 0.1782 0.5741 0.2719 0.6165 0.2254 0.8691 0.2743
TS 0.6875 0.1437 0.8065 0.2439 0.6319 0.2702 1.6484 0.2875

SVDKL 0.6935 0.1724 0.7895 0.2830 0.5950 0.0916 0.6395 0.2204

Tumor

Ensemble 0.5577 0.3770 0.4259 0.4000 0.5346 0.1072 0.7398 0.2632
Deterministic 0.5449 0.5246 0.4324 0.4741 0.5381 0.2894 1.3243 0.3525

SWAG 0.6538 0.6393 0.5493 0.5909 0.6481 0.0789 0.6637 0.2345
DROPOUT 0.5449 0.5246 0.4324 0.4741 0.5377 0.2882 1.3166 0.3520

DVBLL 0.5833 0.5574 0.4722 0.5113 0.6283 0.2880 1.5885 0.3346
LA 0.5000 0.4426 0.3803 0.4091 0.5103 0.2354 0.8796 0.3095

EDL 0.6667 0.5410 0.5789 0.5593 0.6388 0.1616 0.7663 0.2545
TS 0.5449 0.5246 0.4324 0.4741 0.5381 0.2630 1.1369 0.3354

SVDKL 0.6026 0.3607 0.4889 0.4151 0.5774 0.1320 0.7249 0.2592

metrics. Particularly, SWAG performed best in terms of AUC ROC, while SVDKL outperformed
other models concerning ECE and NLL. The SWAG model performed best in terms of most of the
performance and UQ metrics in the Immuno-Tumor dataset. To summarize, when the models are
trained on Immuno-Virus dataset, both Ensemble and SWAG demonstrate superior performance
compared to other models.

In summary, the deterministic model was outperformed by uncertainty-aware methods across almost
all evaluation metrics on both datasets, highlighting its limited generalizability and reliability.

3.3 Discussion

All the abovementioned experimental results consistently show that uncertainty-aware models outper-
form deterministic baselines in immunogenicity prediction, offering gains in both predictive accuracy
and calibration. These improvements were observed across all in-distribution datasets and persisted
across different protein language model embeddings, suggesting that the benefits of UQ are largely
independent of the upstream sequence representation. Enhanced calibration—most notably achieved
by SWAG and SVDKL—has particular relevance in high-stakes biomedical applications, where
overconfident errors can result in costly experimental misallocation or safety risks.

Performance differences became more nuanced across the out-of-distribution evaluation scenarios.
SVDKL and SWAG demonstrated strong calibration robustness under distribution shift, whereas LA
and Ensembles often achieved higher predictive performance in specific scenarios. This indicates a
trade-off between reliability and sharpness that should be aligned with downstream objectives.

Overall, empirical findings establish UQ as a means of achieving more reliable and effective immuno-
genicity prediction and provide actionable guidance for selecting model–task configurations in both
experimental and clinical settings.

4 Conclusion
In this study, we have introduced ImmUQBench, a new benchmark for evaluating a range of
uncertainty quantification (UQ) methods on the task of immunogenicity prediction. This benchmark
demonstrates that UQ methods deliver benefits extending beyond calibration, consistently enhancing
predictive performance across diverse datasets and embedding strategies. By leveraging multi-
modal information and incorporating it through a state-of-the-art backbone model, our benchmark
enables comprehensive evaluation under both in-distribution and out-of-distribution settings. Our
results demonstrate that most UQ methods consistently outperform the deterministic baseline across
various metrics. In particular, Ensemble, SWAG, and Laplace Approximation (LA) exhibit superior
performance in terms of predictive accuracy, uncertainty estimation, and generalization. While
some UQ methods occasionally underperform relative to the deterministic model, overall, UQ-
based approaches yield more robust and calibrated predictions, especially in out-of-distribution
scenarios. To further examine the performance of each method, we have also conducted ablation
studies by removing structural information and analyzing the impact of different PLM encodings.
ImmUQBench, the first UQ benchmark for immunogenicity prediction to the best of our knowledge,
offers a valuable resource for developing more reliable and uncertainty-aware antigen design tools.
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A UQ for Deep Neural Networks

Bayesian Methods: We begin with Monte Carlo (MC)-Dropout [18], which interprets dropout as
a form of approximate Bayesian inference in deep Gaussian Processes. This interpretation allows
dropout to capture epistemic uncertainty by maintaining stochasticity at test time. Specifically, model
predictions are obtained by performing multiple stochastic forward passes with dropout enabled
and computing the predictive mean and variance from these passes. Formally, the predictive mean
is approximated by averaging outputs over T stochastic passes, while the variance is estimated as
the sample variance plus a model precision term τ−1, where τ depends on the dropout rate, dataset
size, and weight decay. This enables tractable Bayesian approximation without incurring additional
test-time complexity.

Next, we consider Variational Bayesian Last Layer (VBLL) [23], which provides an efficient
sampling-free approach to Bayesian modeling by maintaining a posterior only over the final layer
of a neural network. By casting the training objective as a deterministic variational bound, VBLL
introduces minimal overhead and is easily integrated into existing architectures, yielding principled
uncertainty estimates without requiring stochastic forward passes.

We also include Stochastic Variational Deep Kernel Learning (SVDKL) [55], which synergizes
the representation power of deep neural networks with the non-parametric flexibility of Gaussian
Processes. SVDKL extends Deep Kernel Learning (DKL) to classification and multi-task learning
using a scalable variational inference framework. This allows for training on large-scale datasets
via stochastic gradients, and supports more expressive covariance structures compared to prior DKL
models.

SWAG [37] (Stochastic Weight Averaging-Gaussian) is another Bayesian approximation technique
that constructs a Gaussian posterior over network weights by leveraging the trajectory of stochastic
gradient descent (SGD). It estimates the posterior mean via the running average of SGD iterates and
approximates the covariance using both a low-rank approximation based on recent deviations from
the mean and a diagonal component derived from the second moment. This results in a scalable
approach to uncertainty estimation that enables Bayesian model averaging through weight sampling
at test time.

Finally, we use the Laplace Approximation (LA) [36], which approximates the posterior distribution
over model weights with a Gaussian centered at the maximum a posteriori (MAP) estimate. This
is achieved by performing a second-order Taylor expansion of the log-posterior, resulting in a
Gaussian with covariance given by the inverse Hessian of the log-posterior evaluated at the MAP
point. Formally, the posterior is approximated as p(w | D) ≈ N (ŵ,H−1), where H is the Hessian
of the negative log posterior and ŵ is the MAP. This method provides a fast and principled estimate
of uncertainty without requiring sampling during inference.

Non-Bayesian Methods: Among non-Bayesian approaches, we consider Deep Ensembles [30],
which train an ensemble of M neural networks with different initializations. Each model outputs a
probabilistic prediction, and the ensemble prediction is computed by averaging these outputs. This
ensemble captures both model and data uncertainty and has been shown to outperform many Bayesian
approximations in terms of calibration and robustness. Each network is typically trained using proper
scoring rules such as negative log-likelihood to ensure meaningful probabilistic outputs.

We also evaluate Evidential Deep Learning (EDL) [47], which explicitly models predictive un-
certainty by placing a Dirichlet distribution over class probabilities. Rather than producing point
estimates via softmax, the network outputs non-negative "evidence" values that parameterize the
Dirichlet. This allows the model to represent both aleatoric and epistemic uncertainty in a unified
framework. The loss function combines the Bayes risk (under an L2 norm) with a KL-divergence
term that regularizes the model to prevent overconfident predictions, enabling uncertainty-aware
classification from a single forward pass.

B Immunogenicity

Immunogenicity is linked to the therapeutic use of proteins and can result in serious clinical outcomes,
including reduced treatment effectiveness or potentially life-threatening complications. Naturally,
determining the cause of immunogenicity in biologic therapies is a necessary pursuit [46]. Particularly,
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immunogenicity prediction has become a central component in reverse vaccinology aiming to identify
antigens that are capable of eliciting immune responses resulting in the formation of memory cells
within the host organism [34, 1].

Researchers are increasingly focused on fast and precise prediction of immunogenic antigens for
vaccine development, as this approach minimizes costs and associated risks, while supporting safe and
effective responses to infectious disease threats. [7] use a simple linear scoring function to calculates
immunogenicity score. DeepImmuno [33] introduces two deep learning models aimed at modeling
T-cell immunity, which is crucial for the development of cancer immunotherapies and vaccines.
Specifically, DeepImmuno-CNN predicts immunogenicity, while DeepImmuno-GAN generates
immunogenic peptides. TRAP [31] presents a robust deep learning framework for predicting CD8 +
T-cell epitopes from both pathogenic and self-peptides. It also estimates the immunogenic potential
of MHC-I peptides by providing a prediction score along with a confidence measure. Some current
methods also consider using physiochemical properties of amino acids for immunogenicity prediction.

As our core model to integrate and evaluate different UQ approaches for immunogenicity prediction,
we adopt VenusVaccine [34], a cutting-edge multi-modal deep learning framework. Leveraging
a dual-attention mechanism, VenusVaccine integrates sequence, structural, and physicochemical
information to effectively interpret immunogenicity.

C Protein Language Models (PLMs)

The adaptation of LLMs—the advent of which marked a major shift in natural language processing
(NLP)—to protein sequences has resulted in the emergence of advanced protein language mod-
els (PLMs) [17, 44, 25]. This adaptation—hence modeling of protein sequences—was enabled by
equating words with amino acids and interpreting the entire protein sequences as sentences [52, 42].
Via self-supervised learning, generic PLMs are often pre-trained on large datasets of amino acid
sequences, which then due to learning contextual residue representations [44, 25], they can serve as
feature extractors for a wide-range of protein tasks, such as prediction of structure, binding residues,
sub-cellular localization, and fold classification.

D Problem Setup

Here, we formalize the problem, incorporating multi-modal information from protein sequences,
structures, and physicochemical properties. Following [34], sequence and structure embeddings are
extracted from pre-trained protein language models (PLMs). These embeddings are passed through
the dual-attention module of VenusVaccine, which summarizes them into a unified representation:

H = DualAtt(Eseq, Estrc),

where
Eseq = PLMseq(x) ∈ RL×d, Estrc = PLMstrc(x) ∈ RL×d

denote the sequence and structure embeddings of the amino acid sequence x of length L, respec-
tively, and d is the embedding dimension. The attention output H , along with the sequence and
physicochemical features, is concatenated and passed to a classifier:

ŷ = fθ(Z), Z = concat(Eseq, Epc, H), ŷ ∈ {0, 1},
where fθ is a deterministic classifier parameterized by θ.

Bayesian Methods: In this work, for evaluating Bayesian methods, we treat θ as a random variable to
enable uncertainty estimation and to evaluate the performance of different uncertainty quantification
methods. Thus, the predictive distribution is given by:

ŷ = Eθ∼pΘ(θ)[fθ(Z)].

In ImmUQBench, we have implemented MC-Dropout [18], SWAG [37], DVBLL [23], SVDKL [55]
and LA [36].

As Non-Bayesian methods employ varied and often method-specific mechanisms for uncertainty
estimation, a general predictive formulation analogous to the Bayesian case is not readily available.
Hence, we briefly outline the evaluation formulation for Deep Ensembles and EDL. In addition, we
describe TS which is a widely-used calibration technique for adjusting predicted probabilities.
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Deep Ensemble: By training M neural networks independently, we estimate the uncertainty. Specifi-
cally, each model outputs a prediction, and the ensemble predictive distribution is computed as the
average,

ŷ =
1

M

M∑
m=1

fθm(Z).

The diversity among the members captures the uncertainty. Instead of training the same model
with different initialization or data shuffling, we employed different data representation for different
models in the ensemble. Each ensemble consists of 5 models, each with similar architecture following
VenusVaccine [34]. However, the amino acid sequence level encoding, Eseq, for different model in
the ensemble comes from different PLMs. The 5 PLMs used in this work are: ESM-Cambrian [15],
ProstT5 [26], Ankh [14], ESM-2 [35] and Prot-Bert [13].

EDL: In a binary classification, EDL models the class probability as a Beta distribution, Beta(α1, α2).
Considering the network outputs the evidence parameters, αi = ei + 1, i ∈ {1, 2}, where ei > 0, the
predictive probability for class i is given by,

ŷ = E[p] =
αi

α1 + α2
.

Uncertainty is then captured through the variance of the Beta distribution.

TS: To improve the calibration of predicted probabilities, TS introduces a scalar temperature parameter
T > 0, which is optimized on a validation set by minimizing the negative log-likelihood. This
adjustment rescales the logit outputs to produce softer probability distributions. Specifically, given
the logit vector z, the calibrated probabilities are computed as:

q = σ
( z

T

)
,

where σ denotes the softmax function. TS adjusts confidence levels without affecting the model’s
accuracy, making it a simple yet effective post-hoc calibration method.

E Uncertainty Evaluation Metrics

We assess uncertainty quantification using three established metrics: Expected Calibration Error
(ECE), negative log-likelihood (NLL), and the Brier score, which have been commonly employed
in the literature. ECE and Brier scores are considered as calibration metrics while NLL is mostly
regarded as an indicator of overconfidence.

A calibrated model is the one that its predicted probabilities match the empirical frequency of the
output [38]. A well-calibrated model can prevent wrong decisions in case of high uncertainty. ECE is
used to assess calibration. Particularly by partitioning predictions into M equally-spaced bins based
on their prediction confidence, ECE can be calculated as [38, 22],

ECE =

M∑
m=1

Bm

N
|acc(Bm)− conf(Bm)|,

with N indicating the size of the dataset, and acc(Bm) = 1/|Bm|
∑

i∈Bm
I(ŷi = yi) and

conf(Bm) = 1/|Bm|
∑

i∈Bm
P (ŷi) the average accuracy and confidence in bin Bm with size

|Bm| respectively.

Calibration can also be evaluated by the Brier score, which is a proper scoring rule and a widely
accepted tool in the context of uncertainty quantification due to its ability in assessing the quality of
probabilistic predictions [38, 5]. Especially, it captures how correct a model is and if it expresses
proper confidence levels, by measuring mean squared difference between predicted probabilities and
predictions. For a binary class, it is,

Brier =
1

N

N∑
i=1

(yi − P (ŷi))
2
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On the other hand, NLL is often used to detect overconfidence. It is computed as the negative
log-probability assigned to the true label,

NLL =

N∑
i=1

− logP (ŷi = yi)

When a model is overconfident in an incorrect prediction, it assigns a high probability to the wrong
class. Therefore, the log loss becomes very large, that results in a high NLL.

F Dataset

In this study, we use ImmunoDB, an immunogenicity database comprising 7,216 labeled antigens
derived from three distinct sources: bacteria, viruses, and humans. Each antigen is labeled as
either immunogenic (positive) or non-immunogenic (negative). The dataset is constructed through a
combination of literature curation, database mining, and bioinformatics filtering, with most positive
samples originating from previously published studies. To ensure quality, redundant sequences
and samples from tail regions were filtered out. This process resulted in three curated subsets:
Immuno-Virus, Immuno-Bacteria, and Immuno-Tumor. Owing to its rigorous quality control,
diverse species coverage, and comprehensive sourcing, ImmunoDB provides a valuable benchmark
for evaluating the robustness and generalizability of immunogenicity prediction models. To the best
of our knowledge, at the time this study was conducted, it represents the most extensive labeled
antigen resource available for this task.

G Backbone Architecture

In this work, we use VenusVaccine [34], a supervised deep learning model for immunogenicity
prediction, as the backbone in our experiments. The model integrates sequence, structural, and
physicochemical information using a dual attention mechanism. It encodes protein sequences with
pretrained PLMs and represents structures at both atomic and peptide levels using FoldSeek [51] and
ESM-3 [24], respectively. Handcrafted physicochemical descriptors are also included to enhance
biological relevance.

The model employs a hierarchical cross-attention framework that fuses sequence and structure
representations at multiple scales, enabling rich interaction across modalities. Attention pooling then
compresses amino acid-level features into a protein-level vector by highlighting key regions, which is
used for final binary classification of immunogenicity.

H Related Works

Protein Language Models. Advances in deep learning and the emergence of large language models,
including specialized protein language models (PLMs), have revolutionized computational biology
by offering accurate, generalizable, and scalable solutions to complex downstream tasks such as
vaccinology, drug discovery, immunogenicity prediction, and therapeutic design. DeepNetBim [59]
employs a hybrid architecture combining convolutional neural networks with attention mechanisms
to integrate sequence features and network centrality metrics for predicting HLA–peptide binding
affinity and immunogenicity. ImmugenX [39] introduces a modular PLM-based pipeline to predict
immunogenic CD8+ epitopes, a task central to personalized immunotherapy. DeepHLApan [56] uses
bi-directional GRUs with attention to jointly model HLA–peptide binding and immunogenicity for
neoantigen discovery. UnifyImmun [60] adopts a transformer-based framework with dual encoders
and cross-attention to simultaneously model HLA–peptide and peptide–TCR interactions, offering
improved generalization and interpretability.

Uncertainty Quantification. Despite the success of deep learning and large language models (LLMs)
across numerous domains, these models often suffer from overconfident predictions and, in the case
of LLMs, hallucinations. This has motivated the development of uncertainty quantification (UQ)
techniques to assess the reliability of model outputs. Subspace Inference [27] constructs Bayesian
posteriors in low-dimensional subspaces of model parameters, enabling efficient inference and
calibrated uncertainty estimates. Contextual Dropout [16] learns data-dependent dropout probabilities,
offering both improved predictive performance and uncertainty estimation. Laplace-LoRA [58]
applies Laplace approximation over low-rank adaptation parameters in a post-hoc manner, allowing
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for efficient posterior estimation after fine-tuning. BLoB [53] formulates a Bayesian low-rank
adaptation framework by jointly estimating mean and covariance during fine-tuning. Contextual
LoRA [41] further extends this by incorporating contextual uncertainty modules that dynamically
adjust aleatoric uncertainty on a per-sample basis.

Existing Benchmarks. Several benchmark studies have been developed to evaluate the performance
of PLMs across a wide range of biological tasks, offering insights into their generalization and
transfer learning capabilities. However, few benchmarks have explicitly investigated their behavior
under uncertainty or assessed their reliability in critical biomedical applications. PEER [57] provides
a comprehensive multi-task evaluation framework across protein function, localization, structure,
and molecular interaction tasks, comparing traditional methods and PLMs. PETA [49] evaluates
13 PLMs with varying vocabulary sizes and tokenization strategies across 15 downstream tasks,
shedding light on the impact of subword vs. amino-acid-level tokenization on PLM performance. The
authors of [21] benchmarked multiple UQ methods on protein fitness regression tasks under various
distributional shifts, revealing key trade-offs between calibration, accuracy, and data efficiency.

I Experimental Settings

For training the models, we followed the similar techniques and hyperparameters adopted in Venus-
Vaccine [34]. For DVBLL, LA and SVDKL, we modified the last MLP segment of the original
VenusVaccine architecture by adding an extra linear layer and converted this extra linear layer as the
probabilistic segment. This was aimed at promoting stable training while maintaining reasonable
computational costs. The additional linear layer has dimension 64 for both LA and DVBLL models,
and 16 for the SVDKL model.

For BNNs, we obtained 64 MC sample predictions. All reported results in this work, except table 8,
utilize protein sequence embeddings derived from the ESM-Cambrian protein language model [15].
It should be emphasized that the ensemble model also uses sequence embeddings extracted from all 5
different PLMs including ESM-Cambrian.

J Additional OoD Experimental Results

Table 3: Results on Immuno-Virus and Immuno-Tumor datasets of models trained on Immuno-
Bacteria dataset.

Dataset Model Accuracy(↑) Precision(↑) Recall(↑) F1 Score(↑) AUC ROC(↑) ECE(↓) NLL(↓) Brier Score(↓)

Virus

Ensemble 0.4698 0.5931 0.4819 0.5317 0.5332 0.2294 0.8228 0.2969
Deterministic 0.4811 0.6948 0.4921 0.5761 0.5802 0.4449 2.0371 0.4526

SWAG 0.5781 0.7469 0.5637 0.6425 0.6718 0.1510 0.7136 0.2563
DROPOUT 0.4798 0.6923 0.4912 0.5747 0.5802 0.4458 2.0299 0.4523

DVBLL 0.5466 0.7593 0.5378 0.6296 0.6308 0.2812 1.0047 0.3309
LA 0.6297 0.7717 0.6062 0.6790 0.7236 0.1630 0.7336 0.2491

EDL 0.5403 0.8685 0.5287 0.6573 0.5305 0.0581 0.7345 0.2621
TS 0.4811 0.6948 0.4921 0.5761 0.5802 0.4234 1.6522 0.4330

SVDKL 0.5793 0.8015 0.5598 0.6592 0.6420 0.0705 0.6860 0.2461

Tumor

Ensemble 0.5513 0.0984 0.2857 0.1463 0.4751 0.1992 0.9358 0.2976
Deterministic 0.4359 0.1967 0.2353 0.2143 0.3570 0.4844 2.8196 0.5100

SWAG 0.5385 0.2623 0.3721 0.3077 0.4575 0.1627 0.7999 0.2849
DROPOUT 0.4359 0.1967 0.2353 0.2143 0.3577 0.4840 2.8094 0.5096

DVBLL 0.5000 0.2459 0.3191 0.2778 0.3902 0.3209 1.4177 0.3792
LA 0.6026 0.4262 0.4906 0.4561 0.5453 0.1754 0.9290 0.2931

EDL 0.4167 0.2787 0.2656 0.2720 0.4049 0.2672 0.8398 0.3002
TS 0.4359 0.1967 0.2353 0.2143 0.3570 0.4627 2.2597 0.4914

SVDKL 0.5128 0.4754 0.3973 0.4328 0.4901 0.1000 0.7187 0.2619

Generalization Performance of Models Trained on Immuno-Bacteria Dataset: Table 3 shows
the evaluation of models on Immuno-Virus and Immuno-Tumor datasets, while they were trained
on Immuno-Bacteria dataset. Even though SWAG performed best in majority of the metrics at in-
distribution scenario, as reported in the second block of table 1, LA turned out to be a more consistent
performer at the out-of-distribution datasets, specially according to the performance metrics. SVDKL
performed best for majority of the UQ metrics in the Immuno-Virus and Immuno-Tumor datasets.

Generalization Performance of Models Trained on Immuno-Tumor Dataset: Table 4 shows the
evaluation of models on Immuno-Virus and Immuno-Bacteria datasets, while they were trained on
Immuno-Tumor dataset. Models trained on Immuno-Tumor dataset performed in the most random
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Table 4: Results on Immuno-Virus and Immuno-Bacteria datasets of models trained on Immuno-
Tumor dataset.

Dataset Model Accuracy(↑) Precision(↑) Recall(↑) F1 Score(↑) AUC ROC(↑) ECE(↓) NLL(↓) Brier Score(↓)

Virus

Ensemble 0.5932 0.3945 0.6681 0.4961 0.6576 0.1279 0.7179 0.2499
Deterministic 0.5277 0.0868 0.8333 0.1573 0.4927 0.2912 0.9634 0.3414

SWAG 0.4849 0.1861 0.4808 0.2683 0.5132 0.2176 0.8532 0.3073
DROPOUT 0.5277 0.0868 0.8333 0.1573 0.4930 0.2910 0.9627 0.3413

DVBLL 0.4899 0.1141 0.4894 0.1851 0.5155 0.2229 0.8623 0.3096
LA 0.4219 0.2357 0.3862 0.2928 0.4902 0.3208 0.9821 0.3435

EDL 0.5063 0.1514 0.5495 0.2374 0.4843 0.3321 1.1036 0.3783
TS 0.5277 0.0868 0.8333 0.1573 0.4927 0.2571 0.8827 0.3210

SVDKL 0.4987 0.1737 0.5185 0.2602 0.5126 0.0105 0.6931 0.2500

Bacteria

Ensemble 0.4335 0.6839 0.3449 0.4586 0.5125 0.2584 0.8812 0.3257
Deterministic 0.5101 0.2241 0.2653 0.2430 0.3672 0.0952 0.7543 0.2739

SWAG 0.5081 0.2529 0.2785 0.2651 0.4183 0.1353 0.7678 0.2784
DROPOUT 0.5000 0.2241 0.2566 0.2393 0.3669 0.1053 0.7542 0.2739

DVBLL 0.5867 0.1149 0.2817 0.1633 0.4611 0.0982 0.7382 0.2607
LA 0.5625 0.1264 0.2529 0.1686 0.4168 0.1704 0.8447 0.2923

EDL 0.4637 0.2126 0.2229 0.2176 0.3624 0.3066 0.9684 0.3504
TS 0.5101 0.2241 0.2653 0.2430 0.3672 0.0888 0.7370 0.2682

SVDKL 0.5403 0.3736 0.3533 0.3631 0.4765 0.1484 0.6929 0.2499

manner among the three. However, the SVDKL model performed better than all other counterparts
according to UQ metrics and ensemble performed better than others according to performance metrics,
even though it lagged behind others at in-distribution scenario as reported in the third block of Table
1.

K Additional Experimental Results

Table 5, 6 and 7 demonstrates the results on all three immunogenic datasets for models with protein
sequence embeddings extracted from PLMs except ESM-Cambrian.

Table 5: Results on Immuno-Virus dataset.

PLM Model Accuracy(↑) Precision(↑) Recall(↑) F1 Score(↑) AUC ROC(↑) ECE(↓) NLL(↓) Brier Score(↓)
- Ensemble 0.9345 0.9479 0.9249 0.9363 0.9809 0.0238 0.1850 0.0521

ProstT5

Deterministic 0.9081 0.9330 0.8910 0.9115 0.9649 0.0657 0.3949 0.0788
SWAG 0.9156 0.9429 0.8962 0.9190 0.9675 0.0255 0.2317 0.0665

DROPOUT 0.9081 0.9330 0.8910 0.9115 0.9649 0.0655 0.3934 0.0787
DVBLL 0.8967 0.8834 0.9105 0.8967 0.9572 0.0628 0.3946 0.0834

LA 0.8841 0.8784 0.8917 0.8850 0.9571 0.0666 0.3416 0.0869
EDL 0.8778 0.9206 0.8509 0.8844 0.9570 0.0477 0.3013 0.0907
TS 0.9081 0.9330 0.8910 0.9115 0.9649 0.0588 0.3377 0.0765

SVDKL 0.9055 0.9330 0.8868 0.9093 0.9456 0.0344 0.2757 0.0760

Ankh

Deterministic 0.9131 0.9380 0.8957 0.9164 0.9582 0.0656 0.4375 0.0730
SWAG 0.9232 0.9305 0.9191 0.9248 0.9714 0.0143 0.2172 0.0608

DROPOUT 0.9131 0.9380 0.8957 0.9164 0.9583 0.0654 0.4349 0.0730
DVBLL 0.9194 0.9280 0.9144 0.9212 0.9625 0.0550 0.4004 0.0698

LA 0.9055 0.8983 0.9141 0.9061 0.9580 0.0756 0.4801 0.0825
EDL 0.8904 0.9032 0.8835 0.8933 0.9541 0.0409 0.3017 0.0877
TS 0.9131 0.9380 0.8957 0.9164 0.9582 0.0592 0.3644 0.0711

SVDKL 0.9194 0.9256 0.9165 0.9210 0.9567 0.1424 0.3282 0.0862

ESM2

Deterministic 0.8715 0.8685 0.8772 0.8728 0.9556 0.0215 0.2772 0.0861
SWAG 0.9043 0.9231 0.8921 0.9073 0.9683 0.0528 0.2505 0.0725

DROPOUT 0.8715 0.8685 0.8772 0.8728 0.9555 0.0216 0.2772 0.0861
DVBLL 0.8929 0.8933 0.8955 0.8944 0.9629 0.0891 0.5418 0.0935

LA 0.9194 0.9479 0.8988 0.9227 0.9662 0.0536 0.3829 0.0716
EDL 0.8917 0.9032 0.8856 0.8943 0.9598 0.0367 0.2796 0.0822
TS 0.8715 0.8685 0.8772 0.8728 0.9556 0.0223 0.2770 0.0860

SVDKL 0.9244 0.9380 0.9153 0.9265 0.9660 0.0318 0.2443 0.0645

Prot Bert

Deterministic 0.9106 0.8908 0.9301 0.9100 0.9669 0.0362 0.2911 0.0712
SWAG 0.9244 0.9305 0.9214 0.9259 0.9716 0.0412 0.2207 0.0623

DROPOUT 0.9106 0.8908 0.9301 0.9100 0.9670 0.0361 0.2900 0.0711
DVBLL 0.8992 0.8710 0.9261 0.8977 0.9643 0.0182 0.2465 0.0735

LA 0.8929 0.9132 0.8804 0.8965 0.9525 0.0708 0.2999 0.0890
EDL 0.9068 0.9206 0.8983 0.9093 0.9650 0.0260 0.2480 0.0714
TS 0.9106 0.8908 0.9301 0.9100 0.9669 0.0266 0.2658 0.0701

SVDKL 0.9005 0.8859 0.9154 0.9004 0.9429 0.0246 0.2916 0.0812

L PLM Embedding Comparison

Table 8 shows the comparative performance among models with different PLMs for extracting amino
acid sequence embeddings.
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Table 6: Results on Immuno-Bacteria dataset.

PLM Model Accuracy(↑) Precision(↑) Recall(↑) F1 Score(↑) AUC ROC(↑) ECE(↓) NLL(↓) Brier Score(↓)
- Ensemble 0.8327 0.6897 0.8054 0.7430 0.8883 0.0685 0.4788 0.1302

ProstT5

Deterministic 0.8024 0.5747 0.8065 0.6711 0.8622 0.1078 0.5953 0.1603
SWAG 0.8085 0.6954 0.7423 0.7181 0.8590 0.1344 0.6300 0.1611

DROPOUT 0.8024 0.5747 0.8065 0.6711 0.8623 0.1078 0.5948 0.1603
DVBLL 0.8165 0.6782 0.7712 0.7217 0.8586 0.1463 1.0648 0.1703

LA 0.7782 0.6667 0.6905 0.6784 0.8485 0.1516 0.7059 0.1753
EDL 0.8085 0.6092 0.7970 0.6906 0.8644 0.0991 0.4966 0.1549
TS 0.8024 0.5747 0.8065 0.6711 0.8622 0.0935 0.5348 0.1558

SVDKL 0.8044 0.6782 0.7421 0.7087 0.8316 0.1165 0.5048 0.1608

Ankh

Deterministic 0.8306 0.6954 0.7961 0.7423 0.8616 0.1134 0.6872 0.1485
SWAG 0.8246 0.7241 0.7636 0.7434 0.8689 0.0587 0.4420 0.1303

DROPOUT 0.8306 0.6954 0.7961 0.7423 0.8617 0.1132 0.6855 0.1485
DVBLL 0.8226 0.7701 0.7363 0.7528 0.8662 0.1520 1.1560 0.1619

LA 0.8125 0.7586 0.7213 0.7395 0.8552 0.1313 0.7498 0.1571
EDL 0.8105 0.7241 0.7326 0.7283 0.8451 0.0537 0.4924 0.1546
TS 0.8306 0.6954 0.7961 0.7423 0.8616 0.0974 0.5863 0.1449

SVDKL 0.8286 0.7414 0.7633 0.7522 0.8530 0.1792 0.5236 0.1679

ESM2

Deterministic 0.8085 0.6379 0.7762 0.7003 0.8749 0.1073 0.6592 0.1513
SWAG 0.7984 0.6839 0.7256 0.7041 0.8684 0.0269 0.4299 0.1363

DROPOUT 0.8085 0.6379 0.7762 0.7003 0.8750 0.1071 0.6581 0.1512
DVBLL 0.8145 0.7241 0.7412 0.7326 0.8720 0.1353 0.9366 0.1558

LA 0.8306 0.7759 0.7500 0.7627 0.8748 0.1182 0.8484 0.1487
EDL 0.8266 0.7874 0.7366 0.7611 0.8777 0.0337 0.4224 0.1303
TS 0.8085 0.6379 0.7762 0.7003 0.8749 0.0904 0.5730 0.1471

SVDKL 0.8085 0.7069 0.7365 0.7214 0.8579 0.2716 0.6446 0.2258

Prot Bert

Deterministic 0.8206 0.6897 0.7742 0.7295 0.8775 0.1200 0.6543 0.1484
SWAG 0.8266 0.7241 0.7683 0.7456 0.8708 0.0041 0.4196 0.1316

DROPOUT 0.8206 0.6897 0.7742 0.7295 0.8774 0.1199 0.6527 0.1483
DVBLL 0.8367 0.7586 0.7719 0.7652 0.8736 0.1297 1.2571 0.1477

LA 0.8185 0.6954 0.7658 0.7289 0.8750 0.0453 0.4279 0.1302
EDL 0.8145 0.8103 0.7050 0.7540 0.8717 0.0717 0.4517 0.1399
TS 0.8206 0.6897 0.7742 0.7295 0.8775 0.1037 0.5634 0.1431

SVDKL 0.8407 0.7529 0.7844 0.7683 0.8525 0.2675 0.5999 0.2038

Table 7: Results on Immuno-Tumor dataset.

PLM Model Accuracy(↑) Precision(↑) Recall(↑) F1 Score(↑) AUC ROC(↑) ECE(↓) NLL(↓) Brier Score(↓)
- Ensemble 0.7500 0.7869 0.6486 0.7111 0.8483 0.0413 0.4701 0.1599

ProstT5

Deterministic 0.7115 0.7213 0.6111 0.6617 0.8098 0.2400 1.2505 0.2487
SWAG 0.7179 0.7049 0.6232 0.6615 0.7938 0.1159 0.5865 0.1915

DROPOUT 0.7115 0.7213 0.6111 0.6617 0.8098 0.2399 1.2477 0.2487
DVBLL 0.7244 0.7705 0.6184 0.6861 0.7727 0.1218 0.6729 0.2046

LA 0.7372 0.8033 0.6282 0.7050 0.8014 0.2350 1.6140 0.2518
EDL 0.7244 0.7541 0.6216 0.6815 0.7883 0.1129 0.5852 0.1967
TS 0.7115 0.7213 0.6111 0.6617 0.8098 0.2251 1.0160 0.2389

SVDKL 0.4936 0.6230 0.4043 0.4903 0.4989 0.1147 0.6962 0.2515

Ankh

Deterministic 0.7692 0.8852 0.6506 0.7500 0.8607 0.0725 0.4661 0.1562
SWAG 0.7500 0.6721 0.6833 0.6777 0.8507 0.0483 0.4784 0.1583

DROPOUT 0.7756 0.8852 0.6585 0.7552 0.8595 0.0723 0.4660 0.1562
DVBLL 0.7692 0.7049 0.7049 0.7049 0.8490 0.0094 0.4580 0.1550

LA 0.7051 0.8033 0.5904 0.6806 0.7520 0.0794 0.5761 0.1993
EDL 0.6090 0.0000 0.0000 0.0000 0.6626 0.1580 0.7024 0.2527
TS 0.7692 0.8852 0.6506 0.7500 0.8607 0.0716 0.4652 0.1559

SVDKL 0.6410 0.0984 0.8571 0.1765 0.7165 0.1386 0.6911 0.2490

ESM2

Deterministic 0.7436 0.6721 0.6721 0.6721 0.8149 0.2236 2.1182 0.2280
SWAG 0.7628 0.7213 0.6875 0.7040 0.8269 0.1276 0.5988 0.1890

DROPOUT 0.7436 0.6721 0.6721 0.6721 0.8154 0.2232 1.5745 0.2278
DVBLL 0.7756 0.8033 0.6806 0.7368 0.8110 0.1735 1.3219 0.2139

LA 0.7436 0.7705 0.6438 0.7015 0.8302 0.1110 0.5528 0.1784
EDL 0.7372 0.7541 0.6389 0.6917 0.8207 0.1630 0.6568 0.2086
TS 0.7436 0.6721 0.6721 0.6721 0.8150 0.2121 1.2658 0.2219

SVDKL 0.5513 0.3934 0.4211 0.4068 0.5032 0.1058 0.6926 0.2497

Prot Bert

Deterministic 0.7179 0.7869 0.6076 0.6857 0.7991 0.0741 0.5529 0.1868
SWAG 0.7436 0.7705 0.6438 0.7015 0.8409 0.0491 0.4825 0.1609

DROPOUT 0.7179 0.7869 0.6076 0.6857 0.7988 0.0739 0.5521 0.1866
DVBLL 0.7885 0.7541 0.7188 0.7360 0.8311 0.0310 0.5197 0.1705

LA 0.7564 0.8197 0.6494 0.7246 0.8364 0.0745 0.5083 0.1713
EDL 0.7500 0.8033 0.6447 0.7153 0.8312 0.0944 0.5361 0.1779
TS 0.7179 0.7869 0.6076 0.6857 0.7991 0.0551 0.5417 0.1840

SVDKL 0.5385 0.9344 0.4560 0.6129 0.7027 0.1150 0.6919 0.2494
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Table 8: Uncertainty quantification performance across datasets and models employing various PLMs.
Best-performing models per PLM are shown in bold.

Metric Model
Dataset

Virus Bacteria Tumor
ESMC ProstT5 Ankh ESM2 Prot Bert ESMC ProstT5 Ankh ESM2 Prot Bert ESMC ProstT5 Ankh ESM2 Prot Bert

ECE(↓)

Deterministic 0.0413 0.0657 0.0656 0.0215 0.0362 0.1332 0.1078 0.1134 0.1073 0.1200 0.0298 0.2400 0.0725 0.2236 0.0741
SVDKL 0.1058 0.0344 0.1424 0.0318 0.0246 0.1513 0.1165 0.1792 0.2716 0.2675 0.1132 0.1147 0.1386 0.1058 0.1150
DVBLL 0.0346 0.0628 0.0550 0.0891 0.0182 0.0824 0.1463 0.1520 0.1353 0.1297 0.0669 0.1218 0.0094 0.1735 0.0310

DROPOUT 0.0411 0.0655 0.0654 0.0216 0.0361 0.1349 0.1078 0.1132 0.1071 0.1199 0.0360 0.2399 0.0723 0.2232 0.0739
LA 0.0108 0.0666 0.0756 0.0536 0.0708 0.0752 0.1516 0.1313 0.1182 0.0453 0.0724 0.2350 0.0794 0.1110 0.0745

SWAG 0.0743 0.0255 0.0143 0.0528 0.0412 0.0133 0.1344 0.0587 0.0269 0.0041 0.0189 0.1159 0.0483 0.1276 0.0491
EDL 0.0152 0.0477 0.0409 0.0367 0.0260 0.1259 0.0991 0.0537 0.0337 0.0717 0.0700 0.1129 0.1580 0.1630 0.0944
TS 0.0311 0.0588 0.0592 0.0223 0.0266 0.1192 0.0935 0.0974 0.0904 0.1037 0.0298 0.2251 0.0716 0.2121 0.0551

NLL(↓)

Deterministic 0.2808 0.3949 0.4375 0.2772 0.2911 0.7672 0.5953 0.6872 0.6592 0.6543 0.4908 1.2505 0.4661 2.1182 0.5529
SVDKL 0.3050 0.2757 0.3282 0.2443 0.2916 0.4991 0.5048 0.5236 0.6446 0.5999 0.6920 0.6962 0.6911 0.6926 0.6919
DVBLL 0.2882 0.3946 0.4004 0.5418 0.2465 0.5112 1.0648 1.1560 0.9366 1.2571 0.4743 0.6729 0.4580 1.3219 0.5197

DROPOUT 0.2799 0.3934 0.4349 0.2772 0.2900 0.7654 0.5948 0.6855 0.6581 0.6527 0.4908 1.2477 0.4660 1.5745 0.5521
LA 0.2498 0.3416 0.4801 0.3829 0.2999 0.5251 0.7059 0.7498 0.8484 0.4279 0.4975 1.6140 0.5761 0.5528 0.5083

SWAG 0.2422 0.2317 0.2172 0.2505 0.2207 0.4046 0.6300 0.4420 0.4299 0.4196 0.4610 0.5865 0.4784 0.5988 0.4825
EDL 0.2537 0.3013 0.3017 0.2796 0.2480 0.5237 0.4966 0.4924 0.4224 0.4517 0.4867 0.5852 0.7024 0.6568 0.5361
TS 0.2604 0.3377 0.3644 0.2770 0.2658 0.6425 0.5348 0.5863 0.5730 0.5634 0.4908 1.0160 0.4652 1.2658 0.5417

Brier Score(↓)

Deterministic 0.0711 0.0788 0.0730 0.0861 0.0712 0.1526 0.1603 0.1485 0.1513 0.1484 0.1659 0.2487 0.1562 0.2280 0.1868
SVDKL 0.0801 0.0760 0.0862 0.0645 0.0812 0.1577 0.1608 0.1679 0.2258 0.2038 0.2494 0.2515 0.2490 0.2497 0.2494
DVBLL 0.0729 0.0834 0.0698 0.0935 0.0735 0.1375 0.1703 0.1619 0.1558 0.1477 0.1574 0.2046 0.1550 0.2139 0.1705

DROPOUT 0.0710 0.0787 0.0730 0.0861 0.0711 0.1525 0.1603 0.1485 0.1512 0.1483 0.1659 0.2487 0.1562 0.2278 0.1866
LA 0.0750 0.0869 0.0825 0.0716 0.0890 0.1386 0.1753 0.1571 0.1487 0.1302 0.1639 0.2518 0.1993 0.1784 0.1713

SWAG 0.0667 0.0665 0.0608 0.0725 0.0623 0.1251 0.1611 0.1303 0.1363 0.1316 0.1527 0.1915 0.1583 0.1890 0.1609
EDL 0.0743 0.0907 0.0877 0.0822 0.0714 0.1739 0.1549 0.1546 0.1303 0.1399 0.1600 0.1967 0.2527 0.2086 0.1779
TS 0.0699 0.0765 0.0711 0.0860 0.0701 0.1475 0.1558 0.1449 0.1471 0.1431 0.1659 0.2389 0.1559 0.2219 0.1840

Across all three immunogenic datasets, and for nearly every performance metric considered, deter-
ministic models consistently demonstrated inferior performance compared to other models. The
only exception to this trend was observed on the Immuno-Virus dataset when protein sequences
were embedded using the ESM-2 PLM, specifically concerning the ECE metric. Among the various
models investigated, SWAG consistently emerged as a strong performer. It outperformed the majority
of other models across all three immunogenic datasets. While SWAG demonstrated overall strong
performance, EDL also exhibited competitive results, particularly on the Immuno-Bacteria dataset,
suggesting its potential for accurate immunogenicity prediction in this specific domain. To summa-
rize, advantages over uncertainty-aware models over deterministic models persist irrespective of the
protein language model used, underscoring compatibility with advances in protein representation
learning.

M Ablation Studies

We have further conducted ablation studies on how protein structural information may affect immuno-
genicity prediction and UQ performances by comparing the results from the VenusVaccine model
architecture with and without the derived protein structural features. Table 9 shows the ablation
results for all models for the Immuno-Virus dataset. The table supports three principal conclusions.

Table 9: Experimental results for evaluation on effect of protein structural information (PSI = Protein
Structural Information) on immunogenic virus dataset. For each method the superior performance
between the two settings is shown in blue.

Model PSI Accuracy(↑) Precision(↑) Recall(↑) F1 Score(↑) AUC ROC(↑) ECE(↓) NLL(↓) Brier Score(↓)
✓ 0.9345 0.9479 0.9249 0.9363 0.9809 0.0238 0.1850 0.0521Ensemble × 0.9181 0.9380 0.9043 0.9208 0.9767 0.0146 0.1994 0.0593
✓ 0.9055 0.9082 0.9059 0.9071 0.9647 0.0413 0.2808 0.0711Deterministic × 0.9030 0.9479 0.8721 0.9084 0.9721 0.0463 0.2542 0.0713
✓ 0.9219 0.9380 0.9108 0.9242 0.9728 0.0743 0.2422 0.0667SWAG × 0.9005 0.8933 0.9091 0.9011 0.9682 0.0569 0.2586 0.0737
✓ 0.9055 0.9082 0.9059 0.9071 0.9647 0.0411 0.2799 0.0710DROPOUT × 0.9018 0.9454 0.8719 0.9071 0.9720 0.0468 0.2533 0.0714
✓ 0.9030 0.9107 0.8995 0.9051 0.9621 0.0346 0.2882 0.0729DVBLL × 0.9118 0.9181 0.9091 0.9136 0.9739 0.0482 0.2551 0.0655
✓ 0.8904 0.9256 0.8674 0.8956 0.9633 0.0108 0.2498 0.0750LA × 0.9055 0.9256 0.8923 0.9086 0.9668 0.0626 0.3317 0.0745
✓ 0.9005 0.9305 0.8803 0.9047 0.9643 0.0152 0.2537 0.0743EDL × 0.9018 0.9429 0.8736 0.9069 0.9709 0.0404 0.2441 0.0683
✓ 0.9055 0.9082 0.9059 0.9071 0.9647 0.0311 0.2604 0.0699TS × 0.9030 0.9479 0.8721 0.9084 0.9721 0.0372 0.2381 0.0698
✓ 0.9156 0.9305 0.9058 0.9180 0.9577 0.1058 0.3050 0.0801SVDKL × 0.9081 0.9156 0.9044 0.9100 0.9572 0.3113 0.5392 0.1743

First, structural information offers predictive advantages in methods such as Ensembles, SWAG,
and SVDKL, but fails to demonstrate consistent utility across all approaches. For instance, its effect
is minimal in Deterministic, Dropout, and EDL, and is detrimental in LA and DVBLL. Thus, its
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overall contribution to predictive performance appears method-specific and inconclusive. Second,
the inclusion of structural information generally enhances uncertainty quantification, as evidenced by
improved performance across uncertainty metrics in Table 9. Third, uncertainty-aware approaches
consistently outperform the deterministic baseline in nearly all cases, with the only exception being
the precision metric in the absence of structural information, where the deterministic model exhibits a
slight advantage. These observations highlight the robustness of uncertainty-aware models and their
superiority in capturing both predictive accuracy and well-calibrated predictions.

N Limitations & Future Work

Our proposed ImmUQBench provides a targeted evaluation of selected Bayesian and non-Bayesian
UQ methods. However, it does not explore the broader design space, including variations in backbone
architectures or uncertainty propagation beyond the prediction head. Also, the current benchmark
only addresses epistemic uncertainty; the consideration of uncertainty within protein representations
and its effect on immunogenicity prediction still remains an open research endeavor.
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