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Abstract
Recent advances in machine learning (ML) have led to significant improvements in
data-driven protein property prediction. While these ML models have demonstrated
strong prediction performance on natural proteins, their practical utility still remains
limited due to the absence of reliable uncertainty estimates for their predictions. In
this work, we present DUNE (Deep UNcertainty-weighted Ensemble), a method
for incorporating predictive uncertainty into ML models, to achieve uncertainty-
aware protein property prediction. We demonstrate how incorporating uncertainty
estimates can enhance the overall predictive performance across three property
prediction tasks; immunogenicity, toxicity and allergenicity. Experimental results
show that our proposed DUNE outperforms existing ensemble based classification
strategies.

1 Introduction
Recent advances in computational power and modeling has enabled not only accurate predictions
of protein structures [29, 2, 35, 1] but also novel protein designs [9, 55]. The process of protein
design typically involves changing the inherent properties and characteristics of proteins. Antibody
design, for instance, frequently involves optimizing binding affinity for a target antigen to improve
neutralization potency. Nevertheless, the inherent complexity of biological systems introduces the
possibility of inadvertently altering undesirable properties during the design procedure.

Evaluating and monitoring protein properties are of significant importance, leading to
substantial efforts in accurately and efficiently predicting safety-related protein properties.
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Figure 1: DUNE.

Especially, the advent of ML based pro-
tein structure prediction models, e.g. Al-
phaFold (AF), ESMFold, and protein lan-
guage models (PLMs) [26, 47, 42, 35, 22]
has inspired many scientists and engineers
to use hidden representations of them to
model relationships between proteins and
their properties, since hidden representa-
tions are believed as rich enough features
to capture the correlations. Examples in-
clude ToxDL [43], VenusVaccine [33], and AllergenAI [58], to name a few.

Machine learning (ML) models designed to predict protein properties are typically developed using
a rigorous train/validation/test dataset split. This methodology involves training the model on the
training set, subsequently tuning hyperparameters and performing initial performance assessments on
the validation set, and finally evaluating generalization performance and robustness on a held-out
test set. Despite these stringent evaluation protocols, concerns persist regarding the composition of
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these datasets, as highlighted by recent research [4]. A critical limitation, furthermore, is the general
absence of uncertainty estimates from these predictors, which are indispensable for statistically sound
decision-making in protein design and characterization.

Uncertainty quantification (UQ) is an active research area of studying how to quantify uncertainties
in models, not limited to statistical models [13, 32], including physics-based models [57, 11, 48]. As
models have grown larger and more nonlinear, specifically deep learning models, applications of UQ
methods for classical statistical modeling [38, 20, 12] are computationally expensive and inaccurate.

Ensemble based prediction with ML models has been shown performing better than single learners.
Further integration of uncertainty estimates into ensemble approaches can enable uncertainty-aware
prediction for deep ensemble models. Also, most of the existing UQ metrics do not explicitly take
into consideration the variations of predictions from probabilistic prediction models, necessitating a
novel UQ metric specifically designed for probabilistic prediction models.

In this work, we explore these two aforementioned aspects:

• DUNE: We propose a novel methodology for protein property prediction, Deep UNcertainty-
weighted Ensemble, which integrates uncertainty estimation into deep ensemble models for
enhanced protein property prediction.

• CDiv: We propose, Cross Divergence, a novel uncertainty quantification metric specifically
designed for deep probabilistic models that explicitly takes into account the variations in predictions,
unlike many of the existing UQ metrics.

We showcase how incorporating uncertainty estimates can enhance predictive performance across
three distinct property prediction tasks: immunogenicity, toxicity and allergenicity.

2 Method
We propose a deep ensemble classifier model that consists of several probabilistic binary classifier
models, Mk. The distinctiveness among these ensemble members lies in their representation of
the input protein data. Specifically, each protein is characterized by hidden embeddings generated
from a protein language model (PLM). To introduce diversity within the deep ensemble, we have
employed five different PLMs, for each of the five ensemble members for its protein representations:
ProstT5 [24], Ankh [15], ESM-2 [35], ProtTrans [14], and ESM-Cambrian [16]. This approach
ensures that the individual models within the ensemble are exposed to different features of the
proteins, potentially leading to a more robust and comprehensive collective prediction. In this study,
we adopt VenusVaccine [33] model architecture for the backbone of each member of the ensemble.

2.1 DUNE
Each member Mk in the deep ensemble provides a predicted distribution, PMk

(x) =
N (µk(x), σk(x)

2), over positive class probability for protein data x where µk(x) is the mean
and σk(x)

2 is the variance of the predicted distribution. To obtain the final prediction from the deep
ensemble, we compute the weighted average of the individual predictions from each member within
that ensemble.

µens(x) =
∑

wk(x)µk(x) (1)

The weights for each member in that ensemble are inversely proportional to the uncertainty, UQk(x),
of the probabilistic prediction of that corresponding member:

wk ∝ 1

UQk(x)
(2)

We propose three different weighting schemes to determine the values of wk as detailed below:

Unbiased Weighting: The weights, wk(x), can be set inversely proportional to the variance of
predicted distribution:

wk(x) ∝
1

σ2
k(x)

(3)

Negative Softmax Weighting: The weights, wk(x), are assigned proportionally to the negative
softmax of the standard deviation of the predicted distribution:

wk(x) ∝ exp(−cσk(x)) (4)
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KL-Divergence Weighting: Another weighting scheme is defined as follows:
wk ∝ DKL(PMk

(x)||Punc) (5)
Here the weights, wk(x), are assigned proportionally to the KL-divergence between, PMk

(x), the
predicted distribution, and Punc, a reference distribution. We use Punc = N (0.5, σ2

unc) as the
reference distribution. In our experiments, we set σunc = 0.1.

2.2 Cross Divergence
We model the prediction probability from an uncertain probabilistic binary classifier model following
a Gaussian distribution Punc = N (0.5, σ2

unc) for any binary classification problem. We evaluate the
quantified uncertainty of each member in our deep ensemble model using the following equation for
CDiv (Cross-Divergence):

cdk(x) = (y(x) log (2µk(x)) + (1− y(x)) log (2− 2µk(x)))

DKL(N (µk(x), σk(x)
2)||N (0.5, σ2

unc))
(6)

Here y(x) denotes the true label for datapoint x.

The KL-divergence DKL(PMk
||Punc) quantifies the difference between two distributions

PMk
and Punc, with low values indicating high similarity between the two distributions and vice

versa. The multiplicative term, y(x) log (2µk(x)) + (1 − y(x)) log (2− 2µk(x)), gives a positive
value if µk(x) is at the correct side of the decision boundary, 0.5, whereas it gives a high negative
value if µk(x) is at the incorrect side of the decision boundary. As a result, the cross-divergence term
produces a high positive value if the predicted distribution has a mean close to the true label with a
low variance, whereas a very high negative value if the predicted distribution has a mean close to the
incorrect label with a low variance, indicating high value inferring low uncertainty and vice versa.

To evaluate the quantified uncertainty of an ensemble with M number of members, we take the
average of the quantified uncertainty of each member of our ensemble:

cd(x) =
1

M

M∑
k=1

cdk(x) (7)

This approach evaluates the quantified uncertainty of the deep ensemble by measuring the KL-
divergence between the predicted distribution and the distribution of an uncertain binary classifier
model for each classifier in that ensemble.

3 Experiments
Architecture: We followed VenusVaccine [33] as the backbone architecture for each member of
the ensemble. To convert the backbone model into Bayesian Neural Network [28], we employ five
probabilistic models: MC-Dropout [18], SVDKL [56], Laplace approximation [36], SWAG [37], and
VBLL [21]. We altered the original VenusVaccine architecture by inserting an additional linear layer
into the final MLP segment for DVBLL, LA, and SVDKL.

Datasets: We utilized 3 protein property datasets: (i) ImmunoDB [33], an immunogenicity database
containing labeled antigens from bacterial, viral, and human sources, (ii) ToxDL 2.0 [60], a database
containing labeled toxic and non-toxic proteins, (iii) SDAP 2.0 [41], adatabase containing labeled
allergenic and non-allergenic proteins.

Setup: Each ensemble member Mk was independently optimized following Li et al. [33]. Separate
ensembles were trained for each specific dataset. For MC-Dropout based implementations, we used
a dropout rate of 0.1. The dimensions of the appended linear layers for LA, DVBLL and SVDKL
are 64, 64 and 16 accordingly. We obtain the probabilistic prediction PMk

through 64 MC sample
predictions. We utilized deterministic VenusVaccine [33] model for the deterministic baselines.

Results: Table 1 shows the comparative prediction performances on immunogenic virus, indepen-
dent toxicity and allergenicity datasets and Table 2 shows the UQ performances on all datasets. To
compare the prediction performance we selected the following baselines: (i) Majority Voting, (ii) Soft
Voting (Uniform Weighting), (iii) Performance Weighting [34], (iv) Single Deterministic Learner and
(v) Uncertainty Voting [27]. For evaluating the prediction performance in Table 1, we only report the
best performing combination of BNN and weighting starategy for DUNE and UVote according to
accuracy metric. For Single Learners, we only report that PLM which obtained the best accuracy
among the Single Learners.
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Table 1: Results on protein property datasets. MVote, SVote, PWeight and SL refers to Majority
Voting, Soft Voting, Performance Weighting and Single Learner methods accordingly. KLD denotes
KL-Divergence weighting and NS denotes Negative-Softmax.

Dataset Method BNN Weight Strategy Accuracy(↑) Precision(↑) Recall(↑) F1-Score(↑) AUC-ROC(↑)

Virus

MVote - - 0.9232 0.9171 0.9330 0.9250 0.9805
SVote - - 0.9345 0.9249 0.9479 0.9363 0.9809

PWeight - - 0.9332 0.9268 0.9429 0.9348 0.9806
SL(Ankh) - - 0.9131 0.9380 0.8957 0.9164 0.9582

UVote SVDKL NS(c=5) 0.9320 0.9246 0.9429 0.9337 0.9650
DUNE∗ MCD NS(c=5) 0.9395 0.9298 0.9529 0.9412 0.9810

ToxicityI

MVote - - 0.9611 0.4378 0.7171 0.5436 0.9619
SVote - - 0.9636 0.4603 0.7237 0.5627 0.9637

PWeight - - 0.9664 0.4865 0.7105 0.5775 0.9630
SL(ESM2) - - 0.9600 0.7105 0.4286 0.5347 0.9601

UVote DVBLL KLD 0.9674 0.4974 0.6184 0.5513 0.9619
DUNE∗ DVBLL KLD 0.9698 0.5269 0.6447 0.5799 0.9619

Allergenicity

MVote - - 0.7836 0.0353 1.0000 0.0682 0.9912
SVote - - 0.9298 0.1014 1.0000 0.1841 0.9966

PWeight - - 0.9204 0.0871 0.9545 0.1597 0.9951
SL(ESMC) - - 0.8351 1.0000 0.0458 0.0876 0.9890

UVote DVBLL NS(c=5) 0.6982 0.0256 1.0000 0.0499 0.9126
DUNE∗ DVBLL NS(c=5) 0.9802 0.2857 1.0000 0.4444 0.9997

Table 2: Uncertainty Quantification Evaluation of DUNE.
UQ Metric Model Virus Bacteria Tumor ToxicityT ToxicityI Allergenicity

CDiv(↑)

MCD 6.6719 0.5928 -3.6989 12.4150 9.8370 -62.6277
SVDKL 3.5264 0.2320 0.0006 6.6525 6.1032 -10.3151
DVBLL 5.6940 -5.5328 -0.6190 11.5257 10.3730 -29.3711

LA 6.1067 0.4271 -1.8109 13.4206 10.8600 -46.1843
SWAG 4.7570 2.2087 1.6627 8.5277 7.4408 -3.4477

ECE(↓)

MCD 0.0060 0.0964 0.1242 0.0057 0.0285 0.3302
SVDKL 0.0470 0.1716 0.1782 0.0362 0.0540 0.3347
DVBLL 0.0153 0.1118 0.1060 0.0030 0.0185 0.2556

LA 0.0154 0.0940 0.1270 0.0031 0.0187 0.2878
SWAG 0.0370 0.0476 0.0742 0.0182 0.0508 0.3662

NLL(↓)

MCD 0.1788 0.5159 0.5916 0.0515 0.1003 0.8755
SVDKL 0.2140 0.5049 0.6917 0.0784 0.1160 0.7475
DVBLL 0.2012 0.5624 0.5393 0.0534 0.0860 0.5063

LA 0.2014 0.4784 0.5708 0.0551 0.0961 0.5701
SWAG 0.1958 0.4200 0.4960 0.0600 0.1099 0.7281

Brier Score(↓)

MCD 0.0496 0.1345 0.1905 0.0130 0.0284 0.2414
SVDKL 0.0544 0.1597 0.2493 0.0141 0.0270 0.2321
DVBLL 0.0541 0.1359 0.1747 0.0141 0.0236 0.1602

LA 0.0576 0.1353 0.1849 0.0142 0.0258 0.1890
SWAG 0.0531 0.1294 0.1655 0.0147 0.0305 0.2524

Observations: DUNE outperformed the baselines at majority of the prediction metrics across all
datasets, specifically at the Allergenicity dataset by large margins. Although DUNE lagged behind
other methods in terms of precision and recall, those methods lagged in other metrics for all cases.
Results also demonstrate that our proposed Cross-Divergence (CDiv) uncertainty quantification (UQ)
metric generally aligns with other established UQ metrics, specially in Immuno-Virus, Bacteria and
Tumor datasets, where MCD performed best in Immuno-Virus datasets at all metrics and SWAG
performed best in Immuno-Bacteria and Tumor datasets. Although no one model obtained the best
UQ performance across both Toxicity datasets; MCD, DVBLL and LA obtained consistent overall
performances. CDiv’s performance deviated the most from other metrics at the Allergenicity dataset.

4 Conclusion
Advancing data-driven and computationally intensive methods for evaluating protein properties is
crucial for developing immunogenic therapeutics such as vaccines, where safety and efficacy are
paramount. The rise of machine learning (ML) has opened new avenues in this field. When public
health is at stake, uncertainty quantification (UQ) integrated in these AI/ML methods becomes
vital, not just to gauge prediction reliability, but also to increase predictive performance. Our
research introduces a novel methodology that enhances protein property prediction by integrating
uncertainty estimates into deep ensemble models. We also propose a novel UQ metric specifically
designed for evaluating probabilistic deep learning classifiers. Experimental evaluations indicate
that integration of uncertainty estimates of probabilistic models into deep ensemble methods achieve
superior performance than single learners and other deterministic deep ensemble approaches. Our
approach focuses on epistemic uncertainty to achieve enhanced predictive performance. We recognize
that addressing uncertainty in protein representation and its impact on prediction remains an important
area for future research.
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A Deep Uncertainty Weighted Ensemble

We briefly describe the three weighting approaches proposed in this work:

A.1 Unbiased Weighting

The weights, wk(x), can be set inversely proportional to the variance of predicted distribution:

wk(x) ∝
1

σ2
k(x)

(8)

The predicted variance, σ2
ens of the ensemble model is

∑
w2

kσ
2
k. Setting the weights wk inversely

proportional to corresponding member predicted variances makes σ2
ens a constant, resulting µens

being unbiased to any member’s variations in predictions.

A.2 Negative Softmax Weighting

The weights, wk(x), are assigned proportionally to the negative softmax of the standard deviation of
the predicted distribution:

wk(x) ∝ exp(−cσk(x)) (9)
The parameter c acts as a control parameter, modulating the influence of the member-specific weights,
wk. A higher value of c amplifies the contribution of members with greater predictive certainty,
effectively giving more "mass" to their predictions within the ensemble. This mechanism allows the
ensemble to prioritize models that are more confident in their predictions. Figure 2 summarizes the
effect of c on weights for corresponding members in the ensemble, showing that high c amass higher
proportion of total weights on more certain members of the ensemble whereas lower c value flattens
the weights among all members in the ensemble. Effectively c = ∞ evolves into Uncertainty Voting
method, and c = 0 evolves into Soft Voting. Negative softmax weighting balances between these
two extremes with different values of c in the range of (0,∞).
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Figure 2: Negative Softmax Weighting. x−axis shows the standard deviations σk of predicted
distributions by models within ensemble, and y−axis shows the weights wk for different values of c.

A.3 KL-Divergence Weighting

Another weighting scheme is defined as follows:

wk ∝ DKL(PMk
(x)||Punc) (10)

Here the weights, wk(x), are assigned proportionally to the KL-divergence between, PMk
(x),

the predicted distribution, and Punc, a reference distribution. We use Punc = N (0.5, σ2
unc) as

the reference distribution. This reference distribution is chosen based on the intuition that, in a
classification setting, a model lacking knowledge about an input should assign approximately equal
probability to each class. However, in rare cases where the input is inherently ambiguous, the model
may confidently predict a balanced probability (e.g., 0.5 in binary classification), which should be
reflected in a low predictive variance. In contrast, when the model is uncertain due to lack of evidence,
it is expected not only to assign equal probabilities, but also to exhibit high variance in its prediction.
Accordingly, the variance σ2

unc in the reference distribution N (0.5, σ2
unc) controls the sensitivity of

the proposed metric to uncertainty. In our experiments, we set σunc = 0.1. The reason for selecting
σunc = 0.1 is the fact that under the probability distribution N (z;µ = 0.5, σ = 0.1), the probability
P (0.0 ≤ z ≤ 1.0) is almost equal to 1. For a binary classification problem, any value for predicted
positive class probability, ŷ(x), outside the range of [0, 1] does not make sense. Also, a σunc less than
0.1 would make the model less uncertain.
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B Intuition behind Cross-Divergence Metric

The intuition behind the new Cross-Divergence metric comes from the fact that probabilistic models
with high confidence should predict the distribution, PMk

(x) = N (µk(x), σk(x)
2), with a mean

µk(x) close to the true label y(x) and with low variance. To quantify this, we evaluate the distance
between predicted distribution and the distribution an uncertain model would provide. However, a
model can predict incorrectly and with extreme confidence (mean close to the incorrect label and
with a low variance). That’s why we multiply the KL-divergence term with a multiplicative term that
produces a positive value for correct predictions and a high negative value for incorrect prediction.
Existing UQ metrics do not explicitly take into account the variations in predictions, which is an
indication of the uncertainty of the model in its predictions. A highly certain probabilistic model is
supposed to show low variations in its predictions. For example, most of the existing UQ metrics only
take into account the predicted µ’s , but not the predicted σ’s. So if we have a probabilistic model
that gives us the distribution N (0.8, 0.01), we would intuitively consider that this is more confident
than a model which gives distribution of N (0.8, 0.05). However, most of existing UQ metrics would
identify both models as equally confident.

C Behavior of an Uncertain Binary Classification Model

An uncertain binary classification model would behave in a way that its prediction would follow a
Normal distribution N (0.5, σunc) with a sufficiently high value for σunc. The reason for selecting
σunc = 0.1 is the fact that under the probability distribution N (z;µ = 0.5, σ = 0.1), the probability
P (0.0 ≤ z ≤ 1.0) is almost equal to 1. For a binary classification problem, any value for predicted
positive class probability outside the range of [0,1] does not make any sense. Also, a σunc less
than 0.1 would make the model less uncertain. That’s why we model the predicted positive class
probability from an uncertain model as ŷunc ∼ N (0.5, 0.1). The objective of quantification of
predictive uncertainty of a trained model is to identify how differently the trained model behaves
from an uncertain model.

To further demonstrate this, we consider the perspective of evidence theory, particularly in evidential
deep learning, where a similar intuition emerges. Assuming a symmetric Beta prior for binary
classification with parameters (a1 = a2 = a), the variance of the resulting Beta distribution becomes:
Var = a2

(2a)2(2a+1) =
1

4(2a+1) . This gives us a principled way to calibrate the degree of uncertainty:
the smaller the a, the higher the variance, and thus the more "uncertain" the belief. This can then be
mapped to a Gaussian approximation with a corresponding standard deviation and use it to define a
reference distribution: N (0.5, σunc).

So whether from a probabilistic (Gaussian) or evidential (Beta) viewpoint, the key idea is to define a
canonical uncertainty distribution that is centered at 0.5 and sufficiently broad to represent maximal
ignorance, and then use this distribution as a basis for quantifying how certain or uncertain our model
predictions are.

D Uncertainty Quantification

All models and data are inherently imperfect. This imperfection primarily stems from two sources:
the underlying assumptions made during model derivation and measurement errors present in the data
collection process. Accurately assessing these uncertainties can significantly enhance the reliability of
model predictions. Uncertainty quantification (UQ) aims to estimate the confidence in a Deep Neural
Network (DNN) prediction, going beyond just its accuracy. However, quantifying these uncertainties
is often non-trivial. UQ methods are typically problem-specific and can be computationally expensive
to implement.

The most commonly utilized way to address model uncertainty is through a Bayesian neural network
(BNN) [28]. A BNN accounts for parameter uncertainty by placing a prior distribution over its model
parameters. The goal is then to infer the posterior distribution of these parameters, which provides a
theoretical basis for understanding the model’s inherent uncertainty.

To address the high computational and memory demands of Bayesian Neural Networks (BNNs),
various approximation methods have been developed. In this work, we focus on five representative
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methods, namely MC-Dropout [18], SVDKL [56], Laplace approximation [36], SWAG [37], and
VBLL [21], which we briefly summarize in the following:

Monte-Carlo Dropout (MC-DROPOUT) estimates uncertainty by interpreting stochastic forward
passes as approximate Bayesian inference in deep Gaussian processes.

Stochastic Variational Deep Kernel Learning (SVDKL) combines deep networks with Gaussian
processes using stochastic variational inference for scalable, flexible uncertainty modeling.

Laplace Approximation (LA) fits a Gaussian around the MAP estimate using the Hessian of the
log-posterior to model uncertainty efficiently.

Stochastic Weight Averaging Gaussian (SWAG) uses SGD trajectories to approximate a Gaussian
posterior over weights, enabling Bayesian model averaging with low overhead.

Variational Bayesian Last Layers (VBLL) maintains a posterior only over the last layer via a
deterministic variational approach, yielding fast, sampling-free uncertainty estimates.

E Deep Ensemble

A deep ensemble model leverages the "wisdom of crowds" by combining the predictions of multiple
individual deep neural networks (DNNs) [19, 39]. Instead of relying on a single, potentially overconfi-
dent, model, a deep ensemble trains several distinct DNNs, often with different random initializations,
data subsets, or even architectures. Deep ensemble can achieve greater predictive accuracy, improved
robustness, and more reliable uncertainty estimates by averaging or combining the outputs of these
diverse member models than any single component model [8, 40]. This is because different models
within the ensemble may capture distinct aspects of the data and make uncorrelated errors, leading to
a more robust consensus. Deep ensembles are particularly effective for tasks requiring uncertainty
quantification, as the variability in predictions across the ensemble members can provide a measure
of confidence [51].

Predictions for classification tasks from any deep ensemble model can be obtained through multiple
different approaches. For the sake of comparative evaluation with existing deep ensembles, we choose
four existing approaches as baselines. Brief descriptions of those are as follows:

(i) Majority Voting: This refers to the scenario where we take the verdict of the majority among
members in an ensemble of deterministic classifier models [30].

(ii) Soft Voting: In another variant of voting based approaches, we take the verdicts of all members
on class probabilities and take the average of them, more generally termed as Soft Voting, and also
known as Uniform Weighting.

(iii) Performance Weighting: This strategy refers to weighted averaging of predictions from models
of an ensemble based on the performance of the models on a held-out dataset, e.g. validation set [34].
This is typically a two-step optimization process: the parameters of the ensemble members are
first optimized using the train set, and then member-specific weights are optimized based on each
member’s performance on a held-out validation dataset.

(iv) Uncertainty Voting: Model uncertainty is generally not accounted for in standard majority
voting, soft voting or performance weighted schemes. Uncertainty Voting is a strategy where an
ensemble’s final decision is determined by the least uncertain member [27]. Typically, a Bayesian
Neural Network (BNN) variant is used to estimate each model’s uncertainty. The simplest way to
identify the least uncertain model is by finding the one with the smallest variation in its probabilistic
predictions.

F Protein Language Model

The application of large language models (LLMs)—originally transformative in natural language
processing (NLP)—to protein sequences has led to the development of sophisticated protein language
models (PLMs) [17, 46, 23]. This modeling approach treats amino acids as analogous to words
and full protein sequences as sentences, enabling the use of language modeling techniques in a
biological context [54, 45]. Typically trained in a self-supervised manner on large-scale amino acid
datasets, these PLMs learn rich contextual representations of residues [46, 23]. As a result, they can
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function as general-purpose feature extractors for various protein analysis tasks, such as protein fold
classification, binding site identification, sub-cellular localization, property and structure prediction.

In this work we take advantage of five most recent state-of-the-art (SOTA) PLMs to acquire protein
encodings for use in VenusVaccine [33], the backbone in our experiments. Particularly we use
ProstT5 [24], Ankh [15], ESM-2 [35], ProtTrans [14], and ESM-Cambrian [16]. Below, we provide
a brief description of each.

ProstT5: This is a bilingual PLM, based on encoder-decoder T5 [44] model, that is fine-tuned with
the goal to translate between amino acids and structural 3Di tokens—introduced by Foldseek [52].
Particularly, it is trained on a non-redundant subset of high confidence protein structures from
AlphaFold structure Database (AFDB) [53]. The extracted sequence and structure embeddings from
the encoder then can be used in downstream tasks.

Ankh: A family of encoder-only Protein Language Models (PLMs) designed for compute efficiency
and strong generalization. It follows an ESM-2-like architecture, is pretrained on UniRef50 [50]
using masked language modeling (MLM), and scales from 5M to 650M parameters. Despite its
smaller size, Ankh matches or outperforms larger models like ESM-2 and xTrimoPGLM [5] by
adhering to compute-optimal scaling laws. The authors show that performance does not scale linearly
with size—well-optimized small models can be more effective than their larger counterparts.

ESM-2: A large-scale transformer-based Protein Language Model (PLM) trained with a masked
language modeling (MLM) objective on evolutionary-scale sequence data, scaling up to 15 billion
parameters. It directly predicts atomic-level 3D structures from primary sequences, bypassing
the need for multiple sequence alignments (MSAs). As the model scales, structural information
emerges implicitly in its embeddings, enabling accurate and fast structure prediction—up to 60x
faster than AlphaFold2 [29]—while maintaining comparable resolution and confidence metrics such
as pLDDT. These embeddings can be used with lightweight heads for downstream tasks, making
ESM-2 a general-purpose backbone for structure prediction pipelines and allowing generalization
across metagenomic and diverse protein families.

ProtTrans: This work investigates scaling protein language models using both autoregressive
(Transformer-XL [7], XLNet [59]) and auto-encoding models (BERT [10], ALBERT [31], ELEC-
TRA [6], T5 [44]) trained on UniRef and BFD datasets [49, 50]. These PLMs are pretrained in a
self-supervised manner, reconstructing corrupted tokens from raw protein sequences where single
amino acids act as input tokens. Embeddings—vector representations from the last hidden layer—are
extracted and used as exclusive input to downstream models for tasks like secondary structure pre-
diction, subcellular localization, and solubility classification. Auto-encoding models that leverage
bidirectional context generally outperform uni-directional autoregressive models, highlighting the
importance of capturing full contextual information in protein sequences. In our experiments, we
used the ProtBert model for extracting embeddings.

ESM Cambrian: A generative PLM family developed alongside ESM-3 [22], designed to learn
representations that capture the underlying biology of proteins. It improves upon ESM-2 by scaling
up both training data and compute, and is available in 300M, 600M, and 6B parameter versions.
Trained using a masked language modeling objective, ESM Cambrian learns biological structure
and function from unlabeled protein sequences by capturing patterns shaped by evolution. These
internal representations reflect the hidden variables driving amino acid selection, enabling broader
generalization than models relying only on labeled structural or functional data.

G Experiments

G.1 Ensemble Member Architecture

We followed the Dual Attention mechanism based VenusVaccine model architecture proposed by Li
et al. [33], as the backbone architecture for each member of the ensemble. The VenusVaccine model
architecture uses a multi-modal approach for input protein data representation. The three modalities
are:
(i) Sequence Embedding: We used pre-trained protein language model (PLM) to extract embeddings
that represent protein sequences. For example, a protein sequence of length L processed by a
pre-trained PLM yields an L × V representation, where each Amino Acid is represented by a V -
dimensional vector. In our proposed ensemble model, each member uses a different PLM to extract
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sequence embedding.
Eseq = PLMemb(xseq) (11)

(ii) Structural Embedding: We use ESM3 [22] and FoldSeek [52] model to extract structural features
from protein structures predicted by ESMFold [35].

xstructure = ESMFold(xseq) (12)
Eesm3 = ESM3emb(xstructure) (13)

xesm3 = CrossAttentionesm3
θ (Eseq, Eesm3) (14)

Efoldseek = FoldSeekemb(xstructure) (15)

xfoldseek = CrossAttentionfoldseek
θ (Eseq, Efoldseek) (16)

(iii) Physicochemical Descriptors: Five hand-crafted E-descriptors [3] and three Z-descriptors [25]
offer an Amino Acid-level summary of key physicochemical properties, including hydrophobicity
and secondary structure propensity.

Eez = EZdescriptor(xseq) (17)
xez = MLP ez

θ (CONCAT (Eseq, Eez)) (18)

These features are then concatenated and passed though a MLP network to classify the label of the
corresponding protein.

ŷ = fθ(CONCAT (Eseq, xesm3, xfoldseek, xez) (19)

For probabilistic variant of this architecture, we treat parameters of fθ as a random variable to enable
uncertainty estimation.

G.2 Datasets

We evaluate our models across three protein property datasets.

G.2.1 Immunogenicity

We utilized ImmunoDB [33], a comprehensive immunogenicity database containing 7,216 labeled
antigens from bacterial, viral, and human sources. Each antigen is categorized as either immunogenic
(positive) or non-immunogenic (negative). ImmunoDB was compiled through a meticulous process
involving literature curation, database mining, and bioinformatics filtering. The majority of positive
samples were sourced from previously published studies. To maintain high data quality, redundant
sequences and samples from ambiguous regions were removed. This rigorous curation yielded three
distinct subsets: Immuno-Virus, Immuno-Bacteria, and Immuno-Tumor. In total, this dataset provides
913/1562 positive/negative instances in Immuno-Bacteria, 2078/1886 in Immuno-Virus, and 300/477
in Immuno-Tumor.

G.2.2 Toxicity

We utilized ToxDL 2.0 [60] dataset, a comprehensive toxicity database containing labeled toxic and
non-toxic proteins. This dataset is split into two half according to the date of collection. The first part
consists of proteins collected before January 1, 2022:

(i) Training Set: containing 4,879 toxic and 9,637 non-toxic proteins.

(ii) Validation Set: containing 76 toxic and 837 non-toxic proteins.

(iii) Test Set: containing 110 toxic and 1,696 non-toxic proteins.

The second split of the data consists of proteins collected after the date of January 1, 2022:

(iv) Independent Set: containing 152 toxic and 4,547 non-toxic proteins.

The original dataset has few more labeled very long protein sequences, which we excluded from our
utilized dataset due to resource constraints while predicting protein structures using ESMFold.
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G.2.3 Allergenicity

We utilized SDAP 2.0 [41] dataset, a comprehensive allergenicity database containing labeled
allergenic and non-allergenic proteins. We split this dataset into three distinct sets:

(i) Training Set: containing 7,191 allergenic and 7,068 non-allergenic proteins.

(ii) Validation Set: containing 2,397 allergenic and 2,356 non-allergenic proteins.

(iii) Test Set: containing 22 allergenic and 2,755 non-allergenic proteins, all from Cupin family.

This split was done following the experimental dataset setup conducted in AllergenAI [58].

G.3 Experimental Settings

Each ensemble member Mk was independently optimized using the technique proposed by Li et al.
[33]. Separate ensembles were trained for each specific dataset:

- Three for the ImmunoDB dataset, one for each of the Immuno-Virus, Immuno-Bacteria, and
Immuno-Tumor datasets.

- One for the toxicity dataset.

- One for the allergenicity dataset.

For dropout based implementations, we used a dropout rate of 0.1, and only applied it before the final
classification head linear layer. For DVBLL, LA, and SVDKL, we altered the original VenusVaccine
architecture by inserting an additional linear layer into the final MLP segment. Only this new
layer functions as the probabilistic segment, to achieve consistent training behavior with minimal
computational burden, and its dimensions for each model are:

LA DVBLL SVDKL
64 64 16

We obtain the probabilistic prediction PMk
through 64 MC sample predictions. For the deterministic

baselines, we utilized deterministic VenusVaccine [33] model with protein sequence embeddings
from 5 different PLMs.

G.4 Experimental Results

All experiments conducted in this work can be summarized as follows:

• We compared our proposed DUNE approach with three deterministic ensemble baselines: Majority
Voting, Soft Voting and Performance Weighting, one uncertainty based probabilistic ensemble
baseline: Uncertainty Voting, and also the deterministic single learner. Section G.4.1 discusses
obtained results.

• We compared the three uncertainty weighting schemes: (i) KL-Div, (ii) Negative-softmax and (iii)
Unbiased weighting, discussed in Section A, and explained obtained results in Section G.4.2.

• We compared several different BNNs in our proposed DUNE approach, evaluating both their
predictive and UQ performances in Sections G.4.3 and G.4.4.

G.4.1 Comparison with Baselines

Table 3 shows the comparative results on immunogenic virus, bacteria, tumor datasets, along with
toxicity and allergenicity datasets. For DUNE and UVote approaches, we found that the combination
of weighting strategy and BNN produced the highest accuracy. For the single learner method, we
reported those PLM embeddings for different datasets that achieved the highest accuracy among five
different PLM embeddings. Following the approach mentioned in Performance Weighting [34], we
measured the member-specific weights by training a linear regression model on the validation dataset
predictions.

Our proposed DUNE model outperformed the baselines at majority of the metrics across all datasets.
Apart from test toxicity dataset, DUNE produced higher accuracy across all datasets. Even for test
toxicity dataset, the difference in performance between the best performing PWeight and DUNE
is very small. Also DUNE had higher AUC-ROC than PWeight method for this dataset. Although
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Table 3: Results on protein property datasets. MVote, SVote, PWeight and SL refers to Majority
Voting, Soft Voting, Performance Weighting and Single Learner methods accordingly. KLD denotes
KL-Divergence weighting and NS denotes Negative-Softmax.

Dataset Method BNN Weight Strategy Accuracy(↑) Precision(↑) Recall(↑) F1-Score(↑) AUC-ROC(↑)

Virus

MVote - - 0.9232 0.9171 0.9330 0.9250 0.9805
SVote - - 0.9345 0.9249 0.9479 0.9363 0.9809

PWeight - - 0.9332 0.9268 0.9429 0.9348 0.9806
SL(Ankh) - - 0.9131 0.9380 0.8957 0.9164 0.9582

UVote SVDKL NS(c=5) 0.9320 0.9246 0.9429 0.9337 0.9650
DUNE∗ DROPOUT NS(c=5) 0.9395 0.9298 0.9529 0.9412 0.9810

Bacteria

MVote - - 0.8286 0.7987 0.6839 0.7368 0.8794
SVote - - 0.8327 0.8054 0.6897 0.7430 0.8883

PWeight - - 0.8488 0.8153 0.7356 0.7734 0.8851
SL(Ankh) - - 0.8306 0.6954 0.7961 0.7423 0.8616

UVote DROPOUT KLD 0.8387 0.8052 0.7126 0.7561 0.8883
DUNE∗ DROPOUT Unbiased 0.8448 0.8170 0.7184 0.7645 0.8892

Tumor

MVote - - 0.7436 0.6329 0.8197 0.7143 0.8336
SVote - - 0.7500 0.6486 0.7869 0.7111 0.8483

PWeight - - 0.7628 0.6765 0.7541 0.7132 0.8383
SL(Ankh) - - 0.7692 0.8852 0.6506 0.7500 0.8607

UVote DVBLL NS(c=5) 0.7756 0.6806 0.8033 0.7368 0.8214
DUNE∗ DVBLL NS(c=25) 0.7885 0.7000 0.8033 0.7481 0.8373

Toxicity(Test)

MVote - - 0.9845 0.8534 0.9000 0.8761 0.9896
SVote - - 0.9845 0.8596 0.8909 0.8750 0.9901

PWeight - - 0.9856 0.8684 0.9000 0.8839 0.9896
SL(Ankh) - - 0.9801 0.8273 0.8426 0.8349 0.9858

UVote DROPOUT KLD 0.9845 0.8534 0.9000 0.8761 0.9933
DUNE∗ DROPOUT KLD 0.9850 0.8673 0.8909 0.8789 0.9904

Toxicity(Independent)

MVote - - 0.9611 0.4378 0.7171 0.5436 0.9619
SVote - - 0.9636 0.4603 0.7237 0.5627 0.9637

PWeight - - 0.9664 0.4865 0.7105 0.5775 0.9630
SL(ESM2) - - 0.9600 0.7105 0.4286 0.5347 0.9601

UVote DVBLL KLD 0.9674 0.4974 0.6184 0.5513 0.9619
DUNE∗ DVBLL KLD 0.9698 0.5269 0.6447 0.5799 0.9619

Allergenicity

MVote - - 0.7836 0.0353 1.0000 0.0682 0.9912
SVote - - 0.9298 0.1014 1.0000 0.1841 0.9966

PWeight - - 0.9204 0.0871 0.9545 0.1597 0.9951
SL(ESMC) - - 0.8351 1.0000 0.0458 0.0876 0.9890

UVote DVBLL NS(c=5) 0.6982 0.0256 1.0000 0.0499 0.9126
DUNE∗ DVBLL NS(c=5) 0.9802 0.2857 1.0000 0.4444 0.9997

DUNE lagged behind other methods in terms of precision and recall, those methods lagged in other
metrics for all cases. For allergenicity dataset, DUNE outperformed other baselines by a large margin
across all metrics, except precision.

G.4.2 Comparative Uncertainty Weighting Approaches

Table 4 shows the comparative results on different weighting approaches. We used Dropout approach
to convert the ensemble members into probabilistic models. KL-Divergence and Negative Softmax
weighting with c = 5 performed in a similar manner and better than their counterparts in majority
cases. For the Negative Softmax-based weighting, smaller values of the control parameter yielded
better performance than larger values in majority cases. This aligns with expectations, as higher
control parameter values bias the model towards UVote approach. The unbiased weighting provided
better results in terms of 4 out the 6 metrics only at Immuno-Bacteria dataset.

G.4.3 Comparative Probabilistic Model Architectures for Members in Deep Ensemble

Apart from Dropout, we also tested other probabilistic deep model architectures. Table 5 shows the
results for different probabilistic models.

In terms of predictive UQ performance, different BNNs exhibited varying strengths across different
datasets. Overall, DROPOUT and DVBLL performed better than their counterparts at majority of
metrics across all datasets. DROPOUT performed in a better manner across Immuno-Virus and test
toxicity dataset, and DVBLL performed in a better manner in rest of the datasets.

G.4.4 Uncertainty Quantification Evaluation of Probabilistic Model Architectures for
Members in Deep Ensemble

We evaluated different probabilistic deep model architectures for uncertainty quantification. Table
6 shows the results for different probabilistic models on several uncertainty quantification metrics,
along with our proposed Cross-Divergence metric.

15



Table 4: Comparative results on different weighting approaches. KLD denotes KL-Divergence
weighting and NS denotes Negative-Softmax weighting.

Dataset Weighting Accuracy(↑) Precision(↑) Recall(↑) F1 Score(↑) AUC ROC(↑) NLL(↓)

Virus

KLD 0.9358 0.9231 0.9529 0.9377 0.9804 0.1788
NS(c=5) 0.9395 0.9298 0.9529 0.9412 0.9810 0.1836
NS(c=25) 0.9383 0.9296 0.9504 0.9399 0.9812 0.1794

NS(c=100) 0.9370 0.9253 0.9529 0.9389 0.9807 0.1803
Unbiased 0.9282 0.9159 0.9454 0.9304 0.9711 0.4163

Bacteria

KLD 0.8367 0.8039 0.7069 0.7523 0.8896 0.5159
NS(c=5) 0.8327 0.8054 0.6897 0.7430 0.8883 0.4800
NS(c=25) 0.8327 0.8054 0.6897 0.7430 0.8881 0.4880

NS(c=100) 0.8407 0.8105 0.7126 0.7584 0.8881 0.5245
Unbiased 0.8448 0.8170 0.7184 0.7645 0.8892 0.8412

Tumor

KLD 0.7564 0.6716 0.7377 0.7031 0.8378 0.5916
NS(c=5) 0.7436 0.6400 0.7869 0.7059 0.8475 0.4718
NS(c=25) 0.7308 0.6338 0.7377 0.6818 0.8475 0.4822

NS(c=100) 0.7436 0.6522 0.7377 0.6923 0.8385 0.5734
Unbiased 0.7500 0.6618 0.7377 0.6977 0.8264 1.7150

Toxicity(test)

KLD 0.9850 0.8673 0.8909 0.8789 0.9904 0.0515
NS(c=5) 0.9845 0.8596 0.8909 0.8750 0.9902 0.0534
NS(c=25) 0.9845 0.8596 0.8909 0.8750 0.9903 0.0518

NS(c=100) 0.9839 0.8462 0.9000 0.8722 0.9908 0.0520
Unbiased 0.9839 0.8462 0.9000 0.8722 0.9931 0.1631

Toxicity(independent)

KLD 0.9645 0.4681 0.7237 0.5685 0.9648 0.1003
NS(c=5) 0.9634 0.4580 0.7171 0.5590 0.9634 0.0979
NS(c=25) 0.9638 0.4619 0.7171 0.5619 0.9631 0.0969

NS(c=100) 0.9636 0.4599 0.7171 0.5604 0.9646 0.1041
Unbiased 0.9625 0.4496 0.7039 0.5487 0.9683 0.2620

Allergenicity

KLD 0.8740 0.0591 1.0000 0.1117 0.9985 0.8755
NS(c=5) 0.9240 0.0944 1.0000 0.1725 0.9967 0.7113
NS(c=25) 0.8945 0.0698 1.0000 0.1306 0.9971 0.7809

NS(c=100) 0.8419 0.0477 1.0000 0.0911 0.9988 1.0359
Unbiased 0.6572 0.0226 1.0000 0.0442 0.9132 5.9252

Table 5: Comparative results for different probabilistic ensemble member model.
Prediction Metric Model Virus Bacteria Tumor Toxicity(Test) Toxicity(Independent) Allergenicity

Accuracy(↑)

DROPOUT 0.9358 0.8367 0.7564 0.9850 0.9645 0.8740
SVDKL 0.9332 0.8387 0.6795 0.9845 0.9640 0.8905
DVBLL 0.9332 0.8327 0.7756 0.9845 0.9698 0.9503

LA 0.9232 0.8286 0.7500 0.9845 0.9668 0.9399
SWAG 0.9345 0.8347 0.7500 0.9817 0.9608 0.9096

Precision(↑)

DROPOUT 0.9231 0.8039 0.6716 0.8673 0.4681 0.0591
SVDKL 0.9227 0.8092 0.5965 0.8661 0.4612 0.0675
DVBLL 0.9375 0.7725 0.6857 0.8596 0.5269 0.1375

LA 0.9233 0.7572 0.6447 0.8661 0.4896 0.1164
SWAG 0.9249 0.7738 0.6667 0.8235 0.4380 0.0806

Recall(↑)

DROPOUT 0.9529 0.7069 0.7377 0.8909 0.7237 1.0000
SVDKL 0.9479 0.7069 0.5574 0.8818 0.6645 1.0000
DVBLL 0.9305 0.7414 0.7869 0.8909 0.6447 1.0000

LA 0.9256 0.7529 0.8033 0.8818 0.6184 1.0000
SWAG 0.9479 0.7471 0.7213 0.8909 0.7434 1.0000

F1 Score(↑)

DROPOUT 0.9377 0.7523 0.7031 0.8789 0.5685 0.1117
SVDKL 0.9351 0.7546 0.5763 0.8739 0.5445 0.1264
DVBLL 0.9340 0.7566 0.7328 0.8750 0.5799 0.2418

LA 0.9244 0.7550 0.7153 0.8739 0.5465 0.2085
SWAG 0.9363 0.7602 0.6929 0.8559 0.5512 0.1492

AUC-ROC(↑)

DROPOUT 0.9804 0.8896 0.8378 0.9904 0.9648 0.9985
SVDKL 0.9771 0.8750 0.7220 0.9899 0.9506 0.9989
DVBLL 0.9762 0.8916 0.8502 0.9907 0.9619 0.9996

LA 0.9749 0.8858 0.8380 0.9904 0.9591 0.9994
SWAG 0.9792 0.8796 0.8373 0.9932 0.9633 0.9979
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Table 6: Uncertainty Quantification Evaluation
UQ Metric Model Virus Bacteria Tumor Toxicity(test) Toxicity(independent) Allergenicity

CDiv(↑)

DROPOUT 6.6719 0.5928 -3.6989 12.4150 9.8370 -62.6277
SVDKL 3.5264 0.2320 0.0006 6.6525 6.1032 -10.3151
DVBLL 5.6940 -5.5328 -0.6190 11.5257 10.3730 -29.3711

LA 6.1067 0.4271 -1.8109 13.4206 10.8600 -46.1843
SWAG 4.7570 2.2087 1.6627 8.5277 7.4408 -3.4477

ECE(↓)

DROPOUT 0.0060 0.0964 0.1242 0.0057 0.0285 0.3302
SVDKL 0.0470 0.1716 0.1782 0.0362 0.0540 0.3347
DVBLL 0.0153 0.1118 0.1060 0.0030 0.0185 0.2556

LA 0.0154 0.0940 0.1270 0.0031 0.0187 0.2878
SWAG 0.0370 0.0476 0.0742 0.0182 0.0508 0.3662

NLL(↓)

DROPOUT 0.1788 0.5159 0.5916 0.0515 0.1003 0.8755
SVDKL 0.2140 0.5049 0.6917 0.0784 0.1160 0.7475
DVBLL 0.2012 0.5624 0.5393 0.0534 0.0860 0.5063

LA 0.2014 0.4784 0.5708 0.0551 0.0961 0.5701
SWAG 0.1958 0.4200 0.4960 0.0600 0.1099 0.7281

Brier Score(↓)

DROPOUT 0.0496 0.1345 0.1905 0.0130 0.0284 0.2414
SVDKL 0.0544 0.1597 0.2493 0.0141 0.0270 0.2321
DVBLL 0.0541 0.1359 0.1747 0.0141 0.0236 0.1602

LA 0.0576 0.1353 0.1849 0.0142 0.0258 0.1890
SWAG 0.0531 0.1294 0.1655 0.0147 0.0305 0.2524

These results demonstrate that our proposed Cross-Divergence (CDiv) uncertainty quantification
(UQ) metric generally aligns with other established UQ metrics, specially in Immuno-Virus, Bacteria
and Tumor datasets, where DROPOUT performed best in Immuno-Virus datasets at all metrics and
SWAG performed best in Immuno-Bacteria and Tumor datasets.

In test toxicity dataset, no one model provided optimum values across all four metrics. But in general,
DROPOUT, DVBLL and LA achieved low ECE, NLL, Brier Score and high CDiv. In independent
toxicity dataset, DVBLL yielded optimal results for Expected Calibration Error (ECE), Negative
Log-Likelihood (NLL), and Brier Score, while LA performed best according to CDiv. However, in
general all four metrics behaved quite coherently for both DVBLL and LA.

The DVBLL model performed best at allergenicity dataset in terms of ECE, NLL and Brier Score.
However, SWAG model performed best in terms of CVdiv. Also, all models showed high uncertainty
at allergenicity dataset compared to their UQ perfromances across other datasets.

G.5 Discussion

Key observations from the experimental results are summarized below:

• DUNE Outperforms Baselines: Table 3 demonstrates that DUNE outperforms all baselines in
most of the datasets across majority of the metrics, especially performs much better than most of
the baselines in the allergenicity dataset where most of the baselines perform poorly.

• KL-Divergence and Negative Softmax with Low c are Better Weighting Choices: Table 4
demonstrates KL-Divergence and Negative Softmax with smaller c performed better than their
counterparts. Superior performance of Negative Softmax with low c indicates that having too
much belief on one single model results in suboptimal performance.

• DROPOUT & DVBLL Performs Better Predictive Performance: Table 5 shows the predictive
performances of different BNNs. Overall, DROPOUT and DVBLL performed better in terms of
predictive performance.

• Cross-Divergence’s Coherent Behavior with Existing UQ Metrics: Table 6 confirms that our
proposed metric, Cross-Divergence, behaves consistently with established UQ metrics, indicating
its capability for robust UQ performance evaluation.

• High Uncertainty in Allergenicity Dataset: Table 6 demonstrates that all models show high
uncertainty in allergenicity dataset according to all UQ metrics.

• Low Precision or Low Recall in Allergenicity Dataset: All experimental results show that almost
all models show quite low precision or recall value for the allergenicity dataset. This indicates
that due to most models’ bias toward the positive class and the highly imbalanced nature of the
test allergenicity dataset, all methods produce low precision, except the single learner. The single
learner however performed poorly in terms of all other metrics.
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H Related works

Protein Property Prediction: The growing fields of protein engineering and therapeutic development
demand precise and efficient ways to characterize crucial protein properties, especially those affecting
safety and efficacy. The ability of a protein to elicit an undesired immune response (immunogenicity)
is a critical concern in the development of biopharmaceuticals, vaccines, and gene therapies. To
address this, VenusVaccine offers a deep learning solution that uses a dual attention mechanism to
combine pretrained latent vector representations of protein sequences and structures [33].

Equally important is predicting protein toxicity, particularly for proteins used in therapeutic or
industrial applications. Proteins can be toxic through various means, including direct cell damage,
disrupting physiological processes, or accumulating to harmful levels. ToxDL 2.0 tackles this with a
new multimodal deep learning model that integrates evolutionary and structural information from a
pre-trained language model and AlphaFold2 [60].

Furthermore, with more new proteins appearing in food, pharmaceuticals, and industrial products,
assessing their potential to cause allergies is vital for public health. AllergenAI provides a new
AI-based tool to quantify this allergenic potential based solely on protein sequences, setting it apart
from previous tools that also used physicochemical properties and sequence homology [58].

While machine learning has revolutionized safety and efficacy related protein property prediction,
there’s a notable gap in research concerning the application of uncertainty quantification (UQ) in
this field. Integrating uncertainty quantification into existing data-driven protein property prediction
methods requires new research to boost their predictive performance.

Deep Ensemble Meets UQ: To improve classification performance with deep learning models,
there’s been a trend toward using ensemble methods, which allow individual members to specialize
in predictions for sparser data regions. UVOTE is a recently proposed ensemble approach designed
to tackle imbalanced regression problems [27]. It integrates recent advancements in probabilistic
deep learning, and its core mechanism involves deriving the final prediction from the least uncertain
member of the deep learning model ensemble.

The integration of UQ into deep ensemble methods for safety and efficacy related protein property
prediction, however, remains largely unexplored, highlighting a significant need for novel research
endeavors.

I Uncertainty Evaluation Metrics

The three established UQ metrics we utilized in this work are 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 to assess a model’s calibration, indicating how well
its predicted probabilities align with the true likelihood of events, while NLL is mostly regarded as
an indicator of overconfidence, revealing when a model is overly certain about its predictions, even if
they are incorrect.

I.1 Expected Calibration Error (ECE)

ECE partitions predictions into M equally-spaced bins based on their prediction confidence, ECE
can be calculated as,

ECE =

M∑
m=1

Bm

N
|acc(Bm)− conf(Bm)| (20)

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

i∈Bm
I(ỹi = yi) and

conf(Bm) = 1/|Bm|
∑

i∈Bm
ŷi the average accuracy and confidence in bin Bm with size |Bm|

accordingly. Here, ỹ is the predicted label and ŷ is the predicted class probability. For, binary
classification problem, ỹ = I(ŷ ≥ θd), with θd as the decision threshold, usually 0.5 for binary
classification problem.
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I.2 Brier Score

For a binary classification, this metric is evaluated as:

Brier =
1

N

N∑
i=1

(yi − ŷi)
2 (21)

Here y denotes the true label and ŷ denotes the predicted positive class probability.

I.3 Negative Log-Likelihood

Negative log-likelihood is computed as the negative log-probability assigned to the true label,

NLL(x) = −y(x) log(ŷ(x))− (1− y(x)) log(1− ŷ(x)) (22)

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.

J Ablation Studies with Protein Structural Features

Table 7 shows the comparative results on ablation studies with protein structural features. The reported
results were obtained using Dropout approach to convert the ensemble members into probabilistic
models and following KL-Divergence based weighting approach.

Table 7: Reuslts on ablation studies with protein structural features.
Dataset ESM3 FoldSeek Accuracy(↑) Precision(↑) Recall(↑) F1 Score(↑) AUC ROC(↑) NLL(↓)

Virus

✓ ✓ 0.9358 0.9231 0.9529 0.9377 0.9804 0.1788
× ✓ 0.9282 0.9282 0.9305 0.9294 0.9767 0.1965
✓ × 0.9257 0.9257 0.9280 0.9269 0.9732 0.2099
× × 0.9207 0.9126 0.9330 0.9227 0.9753 0.2073

Bacteria

✓ ✓ 0.8367 0.8039 0.7069 0.7523 0.8896 0.5159
× ✓ 0.8347 0.7805 0.7356 0.7574 0.8906 0.4606
✓ × 0.8306 0.7679 0.7414 0.7544 0.8923 0.4527
× × 0.8407 0.7950 0.7356 0.7642 0.8837 0.4777

Tumor

✓ ✓ 0.7564 0.6716 0.7377 0.7031 0.8378 0.5916
× ✓ 0.7564 0.6769 0.7213 0.6984 0.8485 0.4733
✓ × 0.7821 0.7143 0.7377 0.7258 0.8595 0.4568
× × 0.7051 0.6087 0.6885 0.6462 0.8142 0.5154

Toxicity(test)

✓ ✓ 0.9850 0.8673 0.8909 0.8789 0.9904 0.0515
× ✓ 0.9823 0.8824 0.8182 0.8491 0.9926 0.0526
✓ × 0.9839 0.8716 0.8636 0.8676 0.9908 0.0552
× × 0.9806 0.8319 0.8545 0.8430 0.9899 0.0576

Toxicity(independent)

✓ ✓ 0.9645 0.4681 0.7237 0.5685 0.9648 0.1003
× ✓ 0.9694 0.5217 0.6316 0.5714 0.9653 0.0900
✓ × 0.9651 0.4722 0.6711 0.5543 0.9593 0.0981
× × 0.9651 0.4741 0.7237 0.5729 0.9648 0.0935

Allergenicity

✓ ✓ 0.8740 0.0591 1.0000 0.1117 0.9985 0.8755
× ✓ 0.8653 0.0556 1.0000 0.1053 0.9913 0.8608
✓ × 0.8931 0.0690 1.0000 0.1290 0.9999 0.8419
× × 0.9525 0.1429 1.0000 0.2500 1.0000 0.5032

These results present intriguing observations regarding the utility of protein structural information
in property prediction. Contrary to common belief, incorporating protein structural information did
not consistently lead to improved predictive performance. However, drawing definitive conclusions
about the universal utility of protein structural information for property prediction is complex. It’s
important to note that our experiments exclusively utilized ESMFold for structure prediction, a
choice that prioritizes computational speed over accuracy compared to AlphaFold. The backbone
VenusVaccine architecture employed in this study integrates sequence and structural features via an
attention mechanism; more sophisticated integration approaches might yield enhanced predictive
performance. Additionally, other factors may contribute to sub-optimal performance when using
predicted protein structural information.
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