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Improving Data Curation of Software Vulnerability
Patches through Uncertainty Quantification

Hui Chen

Abstract—The changesets (or patches) that fix open source
software vulnerabilities form critical datasets for various machine
learning security-enhancing applications, such as automated vul-
nerability patching and silent fix detection. These patch datasets
are derived from extensive collections of historical vulnerability
fixes, maintained in databases like the Common Vulnerabilities
and Exposures list and the National Vulnerability Database.
However, since these databases focus on rapid notification to
the security community, they contain significant inaccuracies and
omissions that have a negative impact on downstream software
security quality assurance tasks.

In this paper, we propose an approach employing Uncertainty
Quantification (UQ) to curate datasets of publicly-available soft-
ware vulnerability patches. Our methodology leverages machine
learning models that incorporate UQ to differentiate between
patches based on their potential utility. We begin by evaluating
a number of popular UQ techniques, including Vanilla, Monte
Carlo Dropout, and Model Ensemble, as well as homoscedastic
and heteroscedastic models of noise. Our findings indicate that
Model Ensemble and heteroscedastic models are the best choices
for vulnerability patch datasets. Based on these UQ modeling
choices, we propose a heuristic that uses UQ to filter out lower
quality instances and select instances with high utility value
from the vulnerability dataset. Using our approach, we observe
an improvement in predictive performance and a significant
reduction of model training time (i.e., energy consumption) for
a state-of-the-art vulnerability prediction model.

Index Terms—Software Vulnerability, Vulnerability Patch,
Data Quality, Machine Learning

I. INTRODUCTION

When software vulnerabilities are reported and repaired
in open-source software, the fix is recorded as a changeset
(a commit or a group of semantically-related commits) in
the software repository. Datasets of historic changesets (or
patches) to vulnerabilities serve multiple purposes in prevent-
ing and mitigating the effects of future software vulnerabilities.
They are used for automatic vulnerability patching techniques
(e.g., hot-patching) [1], [2], for automatically detecting a silent
fix that has not yet been publicized [3], [4], and for vulnerable
code clone detection [5], [6]. Vulnerability patch datasets can
also be used to extract vulnerable code to construct machine
learning-based vulnerability prediction models, which have
recently been showing promising results [7]-[11].

Large collections of vulnerability patches form the founda-
tion for the aforementioned efforts. Government and industry
have initiated concerted efforts to disseminate information
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about known security vulnerabilities. These include MITRE’s
Common Vulnerabilities and Exposures (CVE) list, the Na-
tional Vulnerability Database (NVD), the Snyk Vulnerability
Database, and GitHub Security Advisories. However, these
efforts primarily focus on rapidly sharing details about newly
found vulnerabilities to mitigate their impacts, differing from
the needs of researchers who seek large datasets for building
machine learning models or gathering empirical evidence to
advance security-related software quality assurance [12].

To close this gap, research groups have curated historic
vulnerability databases using: 1) manual validation of each
patch for quality; 2) automated approaches based on data
selection heuristics; or 3) machine learning-based approaches
trained on small manually-curated datasets. These projects face
two primary challenges. First, they rely on publicly disclosed
vulnerability information, such as that from the NVD, which
recent research shows is often missing important information
or inaccurate [13], [14]. For example, Tan et al. found that out
of 6,628 CVEs, only 66.57% contained references to patches,
and of these, 32.79% were incorrect [13]. Heuristics and
machine learning models do not eliminate the errors present
in these datasets and could even exacerbate them. Second,
manual review of vulnerability patches to ensure high quality
results in very limited dataset sizes. This effort is further
complicated by the need for some familiarity with different
software projects to validate each patch. Despite these costly
manual efforts, the data can still suffer from significant quality
issues [15].

To address concerns about the quantity and quality of
historic software vulnerability patch datasets, data curation
must include the following characteristics: 1) automatic iden-
tification of patches to ensure sufficient data quantity, and
2) mitigation of the effects of inaccurately linked patches to
maintain data quality for downstream uses, such as machine
learning-based vulnerability prediction.

Aside from these, prior works mostly focus on patch data
quality when the patches are curated or removed from an
existing dataset [15], although the improved patch datasets are
often evaluated via intended down-stream applications [13],
[14]. We argue that data quality and data usefulness (i.e., the
data utility value) are two related but distinct concepts and
the data quality and the data usefulness exist in a spectrum.
Prior works often lack of systematic or algorithmic methods
to assess patch quality and usefulness. Furthermore, existing
efforts typically focus on dataset cleaning, aiming to address
technical errors and inconsistencies. As we demonstrate, our
data curation approach instead selects data points that max-
imize utility, ensuring that the resulting dataset is optimized
for improving model performance and training efficiency.
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TABLE 1
VULNERABILITY PATCH DATASETS ORGANIZED ACCORDING TO
COLLECTION APPROACH.

Dataset Characteristics Collection Appr.
lang. #proj. #patcch | HI H2 M

SecBench [22] >1 114 676 v

Lin et al. [23] CIC++ 9 1471 v v

VulData7 [24] >1 4 1600 v v

VulnCatcher [25] CIC++ 3 2879 v v

SecretPatch [26] CIC++ 898 1636 v

Big-Vul [27] CIC++ 348 10547 v

Sec. Patches [28] CIC++ 1339 5942 v

Riom et al. [29] CIC++ 50 470 v

CVEfixes [30] >1 1754 5495 v

VulCurator [31] Python 1 290 v

VulnCode-DB [32] >1 - 3681 v

SAP [33] Java 205 1282 v v

VCMatch [14] CIC++ 10 1669 v v

H1: The CVE-IDs are mentioned in a commit message in the project
repository. H2: A URL to the patch is available in the NVD listing for the
CVE. M: Patches are manually validated.

Uncertainty Quantification (UQ) can ascertain a model’s
acquisition of knowledge from vulnerability patch data and
control the noise and error in the vulnerability patch dataset.
Building on recent research on UQ in machine learning [16]-
[20], this paper proposes a technique for integrating uncer-
tainty quantification into software vulnerability patch data
and machine learning-based models, along with a method to
rank patches based on their quality and utility value. More
specifically, we answer the following research questions:

RQ1. What UQ techniques are capable of assessing data
quality and usefulness changes in software vulnerability
patch datasets?

To address this question, we compare various UQ techniques
combining two data distribution modeling approaches, ho-
moscedastic and heteroscedastic [17], [21], with three UQ
estimation methods: Vanilla, Monte Carlo Dropout, and Model
Ensemble [16], [18], [19]. Our evaluation indicates that predic-
tion confidence from the Vanilla approach alone is insufficient
as a UQ measure. Additional uncertainty measures from
Monte Carlo Dropout and Model Ensemble reveal higher
uncertainty as the quality of vulnerability patches declines.
Moreover, UQ models incorporating noise distributions, such
as heteroscedastic, respond better to changes in data quality
and usefulness in a software vulnerability dataset. An UQ
model that disentangles epistemic and aleatoric uncertainties
is particularly useful. Epistemic uncertainty can serve as a
proxy for the usefulness of security patches while aleatoric
uncertainty the quality or the noise level of the patches.

RQ2. Can we use UQ to improve automatically curated
vulnerability patches by selecting high quality and highly
usable security patches?

We propose an algorithm to select software vulnerability
patches based on epistemic and aleatoric uncertainty. The
selected patches are likely to have the highest quality and
highest utility values. The approach can improve the quality
of software patch datasets like those listed in Table I. More
importantly, It can positively impact downstream machine

learning applications, such as serving the datasets as training
instances for automatic vulnerability patching techniques [1],
[2], for automatically detecting silent fixes that have not
yet been publicized [3], [4], and for vulnerable code clone
detection [5], [6]. To exhibit these, we conduct an experiment
that indicates that our approach can select security patches to
improve the predictive performance and computational time of
software vulnerability prediction, a representative downstream
use case of software vulnerability patch data.

Answering these two RQs leads to the following contribu-
tions:

1) An algorithm for automated and systematic curation of
vulnerability patches based on UQ, which represents
a first attempt to use both epistemic uncertainty and
aleatoric uncertainty to inform the usefulness and the
quality of security patches.

2) Empirical evidence that informs the design of the UQ-
based vulnerability patch curation algorithm.

3) Statistically significant improvement of predictive perfor-
mance and reduction of computational cost of a state-of-
the-art software vulnerability prediction model.

Thus, our approach: 1) has practical implications for reducing
training time and improving prediction accuracy across various
applications involving pre-collected vulnerability data; 2) can
expand existing datasets by curating high-quality, high-utility
data instances from open-source projects; and 3) encourages
further, much-needed research on the application of UQ to this
problem.

Replication package. The replication package and supple-
mentary material are available at https:/github.com/huichen-
cs/vuldatapublic.

II. ALEATORIC AND EPISTEMIC UNCERTAINTY IN
SOFTWARE VULNERABILITY PATCH DATA CURATION

As shown in Table I, numerous efforts have been made
to curate software vulnerability patch data. The primary ap-
proaches rely on heuristics like searching for CVE-IDs in
commit messages and examining URLs provided in the NVD
listing for CVEs (i.e., H1 and H2 in Table I), which are inher-
ently noisy and incomplete. For instance, many links gathered
through H2 do not point to the actual patch but rather to related
code, while CVE-IDs in commits for H1 are infrequent and
can be part of tangled commits that include changes unre-
lated to patching the vulnerability. Ensuring the high quality
of vulnerability patch datasets, therefore, requires significant
manual effort. This is reflected in the relatively small size of
the manually validated datasets in Table LFor example, the
SAP dataset [33] contains 1,282 patches manually curated by
teams of developers at SAP through their daily work. Such
manual data curation approaches face two main challenges.
Firstly, they are difficult to scale due to the extensive manual
inspection required and the limited availability of software
security expertise. Secondly, they cannot address the issue of
missing or broken links between CVEs and patches in the
NVD.

Recently, machine learning-based approaches have emerged.
In ML-based approaches, researchers manually curate an
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Fig. 1. Sources of aleatoric and epistemic uncertainty in manual and machine learning-based vulnerability patch identification.

initial high-quality set of “seed” vulnerability patches and
use them to train a machine learning model, which then
automatically identifies vulnerability patches [3], [4], [13],
[14], [34]-[37]. Thus, ML-based approaches reduce the man-
ual effort to curate larger datasets; however, they still suffer
from two shortcomings: whether the instances curated are of
low-quality or whether the instances contribute to improving
down-stream applications, such as vulnerability prediction.
Motivated by recent advances in uncertainty quantification in
ML, we propose a data curation framework that addresses
these two shortcomings as illustrated in Figure 1, which
depicts the conceptual framework of the proposed approach.

Researchers distinguish between two types of uncertainty:
aleatoric and epistemic uncertainty [17]. Aleatoric uncertainty
arises from the data generation and curation process, which
encompasses factors such as noise in the data and the repre-
sentation of data features, both of which influence training
data quality [38]. Conversely, epistemic uncertainty arises
from inadequate modeling [39], i.e., uncertainty in the model’s
parameters and structures [17], indicating the model’s lack of
knowledge about the problem space.

Due to the coexistence of manual and ML-based approaches
in vulnerability patch dataset curation, both aleatoric and
epistemic uncertainties are present in patch curation [16], [17],
[40]. Aleatoric uncertainty is inherently part of manual data
curation, as evidenced by the pervasive errors in the NVD
observed by Tan et al. [13]. It also arises in ML-based vulnera-
bility patch curation, which employs a machine learning model
based on features that determine the relationship between a
patch and a vulnerability (e.g., using textual similarity between
the commit log and the vulnerability description). There are
two primary sources of aleatoric uncertainty in this process.
First, the features may not capture all relevant information
concerning the origination of software vulnerability patches.
Second, the curation process itself can introduce errors and
noise. For example, ML-based approaches like Patchscout [13]
and VCMatch [14] identify certain feature elements, such
as file locations in NVD records and function locations in
committed code, using regular expression patterns manually
derived from a small sample set, which can omit some feature

elements and also introduce false positives, as illustrated in
Figure 1.

Epistemic uncertainty is only present in ML-based ap-
proaches and arises from the model’s lack of knowledge
about the problem. It can manifest as variance in the model’s
predictions using the same training dataset. For example,
different training runs of a deep neural network may yield
different model weights, leading to varied predictions, which
illustrates epistemic uncertainty. It is anticipated that adding
more training data can eventually constrain the model weights,
thereby reducing epistemic uncertainty [40]-[43]. However,
this process can become computationally expensive if more
training data instances are added indiscriminately, and there is
no assurance of improved predictive performance if the added
training data instances are of low quality or do not provide
meaningful information to enhance the model.

Thus, the proposed ML-based software vulnerability patch
data curation process aims to address both informativeness
and quality issues by measuring both epistemic and aleatoric
uncertainties. This dual uncertainty measurement, along with
our EHAL heuristic, defined in Section IV, aims to enhance
the efficacy of ML-based vulnerability data curation.

ITI. RQ1: WHAT UQ TECHNIQUES ARE CAPABLE OF
ASSESSING DATA QUALITY AND USEFULNESS CHANGES IN
SOFTWARE VULNERABILITY PATCH DATASETS?

Researchers in engineering and scientific domains increas-
ingly use uncertainty quantification to address measurement
errors and model uncertainties [43], [44]. While UQ studies
provide numerous approaches to measure uncertainty, they
also reveal that specific datasets and data types introduce
domain-specific challenges and there is no one-fits-all un-
certainty estimate [45], [46]. For instance, recent studies
emphasize the presence of evolving distributions, noise, and
the need for domain-specific UQ methods tailored to structured
representations and unique patterns in source code data [47],
[48]. In this first RQ, we aim to identify the most suitable
UQ approximation techniques for addressing the unique noise
and challenges associated with software vulnerability data
curation. Applying UQ to vulnerability datasets is particularly
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challenging because the domain of vulnerability patches and
descriptions is unique and therefore it is not possible to
determine in advance which UQ method will perform best.
Vulnerability patches listed in public datasets vary significantly
in quality and utility, necessitating precise UQ measurements
to account for these variations.

There are numerous approaches for quantifying epistemic
and aleatoric uncertainty. Our objective is to identify suitable
UQ approaches for patch data curation, focusing on neural
network-based models, as they dominate ML-based curation
tasks. We prioritize methods that integrate seamlessly without
architectural modifications and can handle data distribution
shifts common in vulnerability patches [48].

Probabilistic UQ methods are categorized into Bayesian
and Frequentist approaches [39]. While conformal prediction,
a popular Frequentist method, assumes data exchangeability
and offers only marginal coverage guarantees [49], [50],
Bayesian approaches provide more flexible uncertainty esti-
mation. However, full Bayesian networks are computation-
ally prohibitive. Instead, we adopt Bayesian approximations,
specifically Monte Carlo Dropout and Variational Inference,
which deliver instance-level uncertainty efficiently and inte-
grate well with existing models.

To answer the question of which UQ approaches are suitable
for the specific domain of vulnerability patch datasets, we first
introduce three UQ approximation techniques in Section III-A.
Following that, Section III-B discusses two different assump-
tions underpinning the representation of vulnerability data,
specifically whether it is homoscedastic or heteroscedastic.
Subsequently, we examine metrics that can effectively gauge
the accuracy of the measured uncertainty in Section III-C.
Finally, we discuss the evaluation experiment setup and the
results in Section III-D and Section III-E, respectively.

A. UQ Approximation Techniques

Bayesian neural networks provide a probabilistic framework
for UQ, where we have a natural representation of uncer-
tainty, i.e., the probability distribution p(y|z, D,8) where D
represents the training data,  the model parameters, = a data
instance, and y the predicted label. Because Bayesian neural
networks are computationally expensive [51], in practice,
we usually approximate Bayesian neural networks through
sampling of the weights of the neural networks trained using
gradient descent. Two prominent sampling approaches are
Monte Carlo Dropout and Model Ensemble [16], [19]. As a
baseline commonly used in the literature, we also include the
Vanilla UQ model that is derived directly from the training of
the neural network [18].

1) Vanilla: Deep learning models targeting software engi-
neering applications, e.g., CodeBERT, PLBART, and Commit-
BART [52]-[54], are multi-layer neural networks commonly
trained with gradient descent, which can offer a prediction
confidence as output. The prediction confidence is a point
estimate, e.g., as p(y|z, D) = m?xp(yh:, D, 8), which is often
treated as a simple and straightforward UQ solution [55]-[57].

2) Monte Carlo Dropout: Monte Carlo Dropout is a popu-
lar regularization technique used in training neural networks,

where a neural network layer’s output is connected to a
dropout layer. With it, we drop, i.e, zero out, the activation of
the connected neurons at probability Py during training. When
dropouts are used for UQ, we also turn on dropout during
inference time, which provides a sampling of a single set of
neural network weights [16]. In essence, with Monte Carlo
Dropout, we approximate probability distribution p(y|z, D, )
with a discrete probability distribution, i.e., p(y|z,D,6;),
i = 0,1,2,...,7 — 1 by sampling multiple sets of neural
network weights with 7" stochastic passes.

3) Model Ensemble: Model Ensemble is another method to
sample neural network parameters. It begins with an ensemble,
a set of neural networks that are, independently, initialized
with their parameters (network weights) and trained. A T
ensemble of neural networks would provide 7' samples of
network parameters. This ensemble gives us p(y|z, D, 6;),
i = 0,1,2,...,7 — 1, which serves as an approximation
to p(y|x, D, 6). This method requires neither modification of
the neural network nor the presence of dropout layers in an
existing model. However, it does impose a greater training cost
when compared to the Monte Carlo Dropout approach.

B. Homoscedastic vs. Heteroscedastic Models

Next, we explore another dimension: how we model the
distribution of noise in the changeset data, where each in-
stance is represented by a set of features computed from the
changesets. We examine two modeling choices: homoscedastic
and heteroscedastic models.

1) Homoscedastic Models: In homoscedastic models, we
assume all changeset instances are identically distributed, e.g.,
as a Gaussian distribution with a common mean and variance
for all changesets. The classification model is therefore ho-
moscedastic as the variance is constant across all changesets.
We can create a homoscedastic model as follows: given the
feature representations of changesets, a multi-layer perceptron
(Figure 2) classifies changesets into one of two classes:
vulnerability or non-vulnerability patch. The output layer has
two neurons representing the outputs for these two classes.
An output is commonly called a logit (denoted as z). When
passing a logit through the softmax function, i.e., S(-), we
obtain a discrete probability distribution over the two classes,
denoted as p(y|z) where = is the feature vector and y the
random variable for the label.

Feature
Representation (z)

Linear Layers

with Dropouts [ 2(z) | p(ylz) = S(2)

Fig. 2. Design of the homoscedastic model, where z € BN, and N = 2.

2) Heteroscedastic Models: Homoscedastic models’ as-
sumption that changesets are identically distributed is unlikely
to hold. For instance, changesets from different software
projects or those from different development phases of a single
project are likely to have different characteristics. This may
result in significantly different data distribution in (the specific
features of interest of) different changesets. Heteroscedastic

Authorized licensed use limited to: Virginia Commonwealth University. Downloaded on October 31,2025 at 06:16:31 UTC from |EEE Xplore. Restrictions apply.
© 2025 IEEE. All rights reserved, including rights for text and data mining and training of artificial intelligence and similar technologies. Personal use is permitted,

but republication/redistribution requires IEEE permission. See https:/fiwww _ieee_org/publications/rightsfindex.html| for more information.



This article has been accepted for publication in IEEE Transactions on Software Engineering. This is the author's version which has not been fully edited and
content may change prior to final publication. Citation information: DOI 10.1109/TSE. 20253612278

models although more complex may be more suitable for
changeset data.

In this paper, we realize heteroscedastic models via multi-
output-head neural networks [17]. We illustrate the model
in Figure 3. For changeset x, we assume the output logit
follows a Gaussian distribution, i.e., z ~ 1(u, 0?) (as shown
in Figure 3). This is a model with dual output head, one
representing 1 and the other o. As a heteroscedastic model,
given N changesets, we obtain N Gaussian distributions.

- e |
Linear Layers p(y|z)
with Dropouts via sampling
\’W

Fig. 3. Design of the heteroscedastic model. It has two output heads for
u€R™ and 0 € RT™, where n = 2 is the number of classes.

Feature
Representation (z)

C. Uncertainty Measures

Uncertainty is naturally captured as a probability distribu-
tion p(y|z, D, #). However, because it can be challenging to
compare probability distributions to gauge different level of
uncertainty, we sometimes desire a “one-number” quantity
to indicate the uncertainty of our prediction although such a
quantity do not fully capture it.

Two frequently referenced uncertainty quantities are predic-
tive entropy and mutual information [58]-[60]. Via T' samples
on model weights w, e.g., from 7" stochastic passes via Monte
Carlo Dropout or from 7" models via Model Ensemble, we
estimate p(y|z, D) =~ p(y|z, D) = % Y g p(y|z, D,H). Then
we compute predictive entropy as:

H(ylz, D) = = p(ylz, D)logp(ylz, D) (1)

and mutual information as:

g(yl:[,‘., D) = gf(yh::D) - Ep(9|D}g€(y|$1 6}) (2)
where:

Ep(610)# (y|z, 0)

T

= —% Z Z;p(y =c|z,D,0;)logp(y = c|z,D,8:) (3)

c i=
where ¢ is for all possible classes, D the set of training data,
and @ the model parameters.

There is often a need to disentangle aleatoric and epistemic
uncertainties [39], [58], as this work also demonstrates. The
Law of Total Variance states that total variance can be decom-
posed into two components,

Var(y) = E[Varly|z]] + Var[Ely|«]] )

where, in this study, = represents a single commit patch
and y its vulnerability status. A patch identification model, a
neural network, approximates the function y = ¢(x). We treat
Var(y) as a representation of total uncertainty. Since E[y|z]
is expected to average out the noise, the variance of E[y|z]

TABLE II
SUMMARY OF THE EXPERIMENTAL CONDITIONS.

Design Factor
Data Modeling

| Values

Homoscedastic; Heteroscedastic

UQ Approximation | Vanilla; Monte Carlo (MC) Dropout;
Model Ensemble
Datasets SAP [33]; VCMatch [14]

Data Features Embeddings (using CodeBERT [52]);
Manually-crafted features (from Patch-

Scout [13] and VCMatch [14])

can be attributed to the model’s lack of knowledge during
inference. As such, we consider Var[E[y|z]] an estimate
of epistemic uncertainty. Subtracting the epistemic compo-
nent leaves the aleatoric uncertainty. Accordingly, we regard
E[Var[y|z]] as an estimate of aleatoric uncertainty. Given this
understanding, in the context of homoscedastic models, the
literature typically refers to the entropy defined in equation (1)
as a measure of total uncertainty, the quality defined in
equation (3) as a measure of data or aleatoric uncertainty,
and the mutual information estimated in equation (2) as a
measure of model or epistemic uncertainty [58]-[60]. In the
context of heteroscedastic models, we obtain two probabilistic
distributions, one representing aleatoric uncertainty, paze(y|z),
estimated from the expectation of ¢, and the other representing
epistemic uncertainty, p,p;(y|z), computed using the variance
of u (see Figure 3). With these two distributions, we can com-
pute two entropy values, denoted as #aze (y|z) and Hepi(y|z)
according to equation (1), which correspond to aleatoric and
epistemic uncertainties, respectively. A detailed explanation
of the application of the Law of Total Variance to separate
total uncertainty into epistemic and aleatoric uncertainty can
be found in the machine learning literature [20], [39], [58].

D. Experiment Setup

Table II provides a summary of the conditions for the exper-
iment. In total, we utilize three UQ approximation techniques:
Vanilla, Monte Carlo Dropout, and Model Ensemble (Sec-
tion ITI-A). These three techniques are examined alongside two
data modeling approaches, homoscedastic and heteroscedastic
(Section III-B), resulting in six design combinations for our
data curation and quality ranking algorithms. To mitigate
threats to the validity of the study, we apply these techniques to
two independently curated datasets using two separate feature
extraction methods. In the following text, we describe the
experimental setup, including the datasets, data features, and
procedures.

1) Quality Metrics for UQ: In order to evaluate the quality
of the proposed UQ techniques, we rely on the Brier Score
metric, which is commonly used for this purpose [18], [19],
[38], [61], and on F1-Score, which is a popular classification
metric:

Brier Score (BS) is defined as BS(F,Y) =
LS N (pei — yea)?. For classification tasks, given data
instance x; € X, while z;; is the i-th element of one-hot
encoded label of y; € Y, py; is the predicted probability for
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class ¢ according to classifier F. Brier Score is a strictly
proper scoring rule, i.e., a more accurate model always
produces a smaller score.

F1-Score is a standard classification evaluation metric. It is
defined as the harmonic mean of Precision and Recall and
can be computed as 2Nyp/(2Nrp + Npp + Npy ), where
Nrp represents the number of true positives, Npp the number
of false positives, and Npy the number of false negatives.
Because changesets are highly class imbalanced, i.e., vulner-
ability patches are a small minority among all patches, we
choose the F1-Score for evaluation.

2) Datasets and Feature Representation: We use two
manually-validated datasets, VCMatch and SAP. Although
these datasets are relatively smaller in size, they are known
for their high quality, which is crucial for the nature of
our experiment. High-quality data is essential to ensure that
the evaluation is not contaminated by the noise commonly
present in many vulnerability patch datasets, as reported in
numerous prior studies [3], [4], [13], [14], [34]-[37]. The
VCMatch dataset contains 1,669 researcher-validated vulner-
ability patches and matching CVEs from 10 OSS projects
(FFmpeg, ImageMagick, Jenkins, Linux, Moodle, OpenSSL,
phpMyAdmin, PHP-src, QEMU, and Wireshark) [14]. The
SAP dataset is validated by their production software teams
and contains 1,282 patches to publicly disclosed vulnerabilities
affecting 205 distinct open-source Java projects referenced by
SAP’s software [62]. In the datasets, we need both vulner-
ability and non-vulnerability patches. For each vulnerability
patch, we randomly sample 5,000 non-vulnerability patches
from the software projects, similar to the process performed
by VCMatch and PatchScout [13], [14].

We consider two separate feature representations of change-
sets: 1) manually designed features and 2) embeddings. For
the former, we adopt the features proposed in PatchScout [13]
and also re-used by VCMatch [14]. These features are com-
puted using NVD records, CVE and CWE attributes, and
changesets commit messages and diffs. PatchScout categorizes
these 22 features into 4 broad categories of vulnerability
identifier features, vulnerability location features, vulnerability
type features, vulnerability description text features. For the
embeddings, we rely on a popular state-of-the-art LLM —
CodeBERT [52]. In this study, as in many others, we treat
the last hidden states of CodeBERT’s neural network as
embeddings.

3) Evaluation Procedures: We implement six deep learning
models by combining three UQ techniques (Section III-A)
with two model architectures (Section I1I-B). First, we develop
Vanilla models for both homoscedastic and heteroscedastic
noise assumptions (Figures 2 and 3). Each model uses Code-
BERT for feature extraction, followed by three fully con-
nected layers with dropout. The homoscedastic model applies
softmax, while the heteroscedastic model outputs p via
ReLU and o via softplus to ensure positivity. We extend
these base models to support Monte Carlo Dropout by enabling
stochastic dropout during training and inference, and Model
Ensemble by training five independent models and averaging
their predictions.

We use the Adam optimizer during training. For ho-

moscedastic models, we train with the negative log likelihood
loss function (i.e., mathematically, the cross-entropy loss in
two-class classification), and for heteroscedastic models, we
train with a stochastic negative log likelihood loss function
introduced by Kendall and Gal [17].

We tune hyperparameters using a validation dataset and
monitor training with early stopping, halting after five epochs
of no improvement in validation loss. Each layer contains 300
neurons with a dropout rate of 0.1. The model checkpoint with
the lowest validation loss is selected for evaluation.

To answer RQ1, we design and carry out a series of nu-
merical experiments. For each experiment, we follow standard
training, validation and testing protocols. Unless otherwise
stated, the ratio of training and test datasets is 0.8 : 0.2. From
the training dataset, 10% is set aside as a validation dataset.
During training, the majority class, i.e., non-vulnerability
patches, are under-sampled to have a balanced training dataset,
while during evaluation the test dataset is kept as is.

E. Evaluation Results

We present the results organized along different themes
focused on providing a holistic answer to RQI.

1) Comparison of UQ Techniques: Among numerous UQ
approximation methods in the literature, in this paper, we
consider three of the most popular: Vanilla, Model Ensemble,
and Monte Carlo Dropouts. In order to examine which of these
three methods has the best potential to support patch data cu-
ration, we train and test these methods with increased dataset
quality shift. The dataset quality shift is an artificially induced
quality degradation in the data. To this end, we add Gaussian
noise to each of the features by drawing a random sample
n from a Gaussian distribution with zero mean and diagonal
covariance, i.e., from 17(0,X) where ¥ is the covariance
matrix. We let X = oI where I is the identity matrix, i.e., the
added noise is independent for different features in the feature
vector = of each changeset. We refer to o as the shift intensity
that we vary. Figure 4 shows the F1-score and Brier Score for
increasing dataset shift intensity. The overall trend is that when
the quality shift intensity increases, the model’s predictive
performance and uncertainty get worse (lower Fl-score and
higher Brier Score). These observations demonstrate that the
UQ models respond appropriately to the degraded quality in
the data, i.e., when data quality degrades the models suffer
from decreased predictive performance (i.e., Fl-score) along
with increased prediction uncertainties (i.e., Brier Score). The
results in Figure 4 are obtained via heteroscedastic models,
while similar experimental results for homoscedastic models
show the same trends.

While all three UQ approximations capture the overall trend
of the data quality shift, we observe that Model Ensemble gen-
erally yields the highest predictive performance (1.5%—12.4%
gain on F1 score) and the most accurate UQ estimation
(~ 1% reduction in Brier Score). These observations are
consistent with those obtained from similar experiments in the
literature [18], [19], [61], which also show Model Ensemble
to be a most robust UQ approximation method that can be
leveraged for data curation of software vulnerability patches.
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Fig. 4. Fl-score and Brier Score vs. dataset quality changes of heteroscedastic models. Subfigures (a) to (c) show the F1-score obtained from three experimental
settings: (a) VCMatch dataset with PatchScout features; (b) VCMatch dataset with CodeBERT features; and (c) the SAP dataset with CodeBERT features;

Subfigures (d) to (f) show the corresponding Brier Score for the three experiments.

Therefore, we conclude that this UQ model is likely to be
most beneficial to curate vulnerability patch datasets.

2) Separating Epistemic from Aleatoric Uncertainty: When
selecting training data for a machine learning model, two key
factors are the quality and quantity of data. While high-quality
data is preferred, low-quality data can still be useful when
no other alternatives are available, as it may help the model
gain some understanding of the problem space. Therefore,
the decision to include a patch in the dataset should be
based on epistemic uncertainty rather than just data quality,
i.e., aleatoric uncertainty. A Uncertainty Quantification (UQ)
technique that distinguishes between epistemic and aleatoric
uncertainties can indicate whether a patch can contribute to the
model’s understanding. This is because epistemic uncertainty
reflects the model’s knowledge level; high epistemic uncer-
tainty suggests a lack of knowledge about the problem space.

In this section, we aim to ascertain whether the best UQ
model we evaluated above, i.e., the heteroscedastic Model
Ensemble, can serve as a reliable base for accurately outputting
the disentangled uncertainties, i.e., the epistemic and aleatoric
uncertainties.We demonstrate that epistemic and aleatoric un-
certainties behave as expected when curating patch data. In
Table III, we set aside 80% of patches as training data,
train the patch identification model with increasing training
dataset sizes (60%, 80%, and 100% of the training data), and
then estimate the epistemic and aleatoric uncertainties on the
test dataset (the remaining 20% of the patches). The table
shows that as we increase the training data size, there is a
significant reduction in epistemic uncertainty, i.e., a 1.5% to
9.3% decrease in epistemic uncertainty when the training data

Authorized licensed use limited to: Virginia Commonwealth University. Download

TABLE III
EPISTEMIC UNCERTAINTY VS. ALEATORIC UNCERTAINTY AS TRAINING
DATA INCREASES

Data ﬁcpi '&ep\i % Haie '&ulc%
60% 0.794 0.0% 0.817 0.0%
80% 0782 D.T94-0.782 g rop  0.819 (28170810 o oo

0.7 709 o ner 0% 70,700 . o xor
100% 0.709 U709 ~9.3%  0.790 00790 ~ 3.5%

increased from 60% to 80% and then to 100%. In contrast, the
aleatoric uncertainties saw smaller changes. Since an increase
in the training data size indicates an improvement in the
model’s knowledge about the problem space, which is captured
by a reduction in epistemic uncertainty, it follows that for data
curation of software vulnerability patches, a UQ technique that
disentangles epistemic and aleatoric uncertainties is required.

3) Heteroscedastic vs. Homoscedastic Models: Finally, we
pose the question of whether modeling the noise in software
patch data as heteroscedastic offer any advantage over model-
ing it as homoscedastic. To optimize computational resources,
we focused on the heteroscedastic Model Ensemble, the
best-performing UQ approximation, for comparison against
homoscedastic UQ techniques.The results in Table IV are
obtained by averaging over all data quality shift intensities
(from 0 to 0.4 with a step size of 0.1). The results show
that the heteroscedastic model offers a significant advantage
in predictive performance (higher Fl-score) and superior or
similar UQ quality (lower or nearly equal Brier Score). Given
this observation, we conclude that for vulnerability patches,
the UQ measures offered by the heteroscedastic models are
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TABLE IV
COMPARISON OF UQ MODELING APPROACHES

UQ Model & Assumption | Fl-score |  Brier Score

Heteroscedastic Ensemble 0.687 £ 0.017 | 0.362 £+ 0.002
Homoscedastic Ensemble 0.652 + 0.031 0.395 + 0.012
Homoscedastic Dropout 0.651 £ 0.029 0.396 £ 0.012
Homoscedastic Vanilla 0.650 £+ 0.029 0.396 + 0.012

more accurate than the homoscedastic models, due likely to
the fact that the data distribution in vulnerability patches can
vary between projects (and within a project over time), which
is more accurately captured by heteroscedastic models.

1) From the three UQ models we considered, Model
Ensemble produces the most accurate UQ estimation
in response to artificial data quality degradation.

2) To effectively assess the knowledge gained by a ma-
chine learning-based automated patch curation, it is
crucial to separate epistemic and aleatoric uncer-
tainty. Epistemic and aleatoric uncertainty are dis-
tinguishable during automated patch data curation.

3) Heteroscedastic models provide more accurate UQ
estimation for patch data curation.

IV. RQ2: CAN WE USE UQ TO IMPROVE AUTOMATICALLY
CURATED VULNERABILITY PATCHES BY SELECTING HIGH
QUALITY AND HIGHLY USABLE SECURITY PATCHES?

Based on RQI, we design and evaluate the data curation
system. First, we assess the algorithm’s ability to predict patch
vulnerability. Second, we examine its impact on vulnerability
prediction, a key downstream application (Figure 5).

We begin with a small set of high-quality seed patches
(Xs,Y,) to train a UQ model. Next, we curate patches
from a pool X, of potentially low-quality or project-specific
patches. To prevent overlap, we ensure X, N X, = 0. The
curation process involves two steps: running inference on X,
and applying the EHAL heuristic to select informative, high-
quality patches.

PaS::;is Train | UQ UQ Select
(Xs,Ye) Model measures: via S
’ U, — EHAL elected
Inference Up; Patches:
ales X.CX
Pool of Patches — Uep, =0r
(Xp where Xp N X5 =0) P(Yp|Xp)

Fig. 5. Evaluation setting for RQ2.

A. Automatic Curation of Vulnerability Patches with UQ

Given an accurate estimation of epistemic and aleatoric
uncertainty for patch data curation, as described in RQI, it
is still an open problem of how we use these two quantities
to improve patch data curation. In this RQ2, we focus on the
practical aspects of using UQ in ML-based patch data curation

in order to obtain higher quality datasets. To this end, we
design the EHAL Heuristic (Algorithm 1) that actively and
selectively adds patches based primarily on high epistemic
uncertainty to include in the dataset. The algorithm relies on a
pre-trained UQ model, which takes as input a pool of commit
patches and outputs a selected subset. These input patches
may be either labeled or unlabeled. For unlabeled patches,
the algorithm identifies candidates for annotation, while for
labeled ones, it selects instances that are both informative and
reliable for training.

Recall that a high epistemic uncertainty of a patch indicates
that the model lacks knowledge about this patch, thus the
patch is valuable and should be added to the dataset. However,
in RQ1 we also observed that a significant degradation of
data quality can lead to reduced model performance. Since
aleatoric uncertainty is an indicator of the noise in the data, we
should avoid those patches that have high aleatoric uncertainty.
Therefore, our EHAL algorithm rests on a simple assumption:
we should select patches with high epistemic uncertainty,
while we should avoid (or not select) those with high aleatoric
uncertainty.

Instead of leveraging a formula that combines both epis-
temic and aleatoric uncertainties, the EHAL heuristic takes a
“select-and-then-reject” approach. We opted for this strategy
over scalar combinations (e.g., weighted sums of uncertainties)
to avoid arbitrary tradeoff calibration. Empirically, we found
this approach simpler to tune and less sensitive to outliers
in either uncertainty dimension. As shown in Algorithm 1,
it first identifies patch instances with the highest epistemic
uncertainty as candidates, but rejects them if they are among
the patches with the highest aleatoric uncertainty, i.e., it rejects
those on the lowest extreme of the quality spectrum. The name
of the heuristic is drawn from this idea as well: Epistemic High
Aleatoric Low (EHAL).

More specifically, the algorithm’s main function,
DataCurationWithEHAL (Lines 1-8), curates n patches
from a candidate pool Xpoq, guided by their pre-computed
epistemic and aleatoric uncertainties, Upga. It iteratively
selects patches by invoking the EHAL heuristic (Lines
0-19), which forms the core of the algorithm. The heuristic
identifies the candidate patch with the highest epistemic
uncertainty using the TopOneByEpistemicUQ operation
(Lines 12 and 17). Simultaneously, the top nge patches
with the highest aleatoric uncertainty are determined using
TopNByAleatoricUQ (Lines 13 and 18), where nge is
a hyperparameter determined empirically. If the candidate
with the highest epistemic uncertainty is also among the
top aleatoric candidates, it is excluded from consideration,
and the selection process iterates. This ensures that the final
curated dataset includes only patches that are both highly
informative and reliable, effectively balancing the trade-off
between informativeness (epistemic uncertainty) and quality
(low aleatoric uncertainty).

To evaluate the EHAL Heuristic, we consider two baselines.
We construct a data selection heuristic completely opposite
to the EHAL Heuristic, i.e., Epistemic Low Aleatoric High
(ELAH). ELAH selects the patches with the lowest epistemic
uncertainty, and rejects them if they are also among those with
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Algorithm 1: Patch Curation with EHAL Heuristic

Input: Xjou: Pool of candidate patches
Upooi: Uncertainty values for candidate patches
n: Number of patches to curate
nae: Hyperparameter for the number of aleatoric instances to
consider in each iteration
Output: Dyey: Final list of curated patches
1 Function DataCurationWithEHAL (Xpeor, Upsot, T Teate)
Doew ¢ []
while Upor # 0 and Dyey.size() < n do
depi <~ EHAL(Xpoot, Upool , T2ate)
Xpool — Xpool \ {depi}
Upoo] — Upnol \ {depi}
Drew -append(depi )

8 | return Drew

=1 ot e W

9 Function EHAL (Xpoot, Upoor, Tate)

10 Keandidate +— Xpool

1 Ucandidate 4— Upool

12 depi +— TopOneByEpistemicUQ(X candidate , Ucandidate )
13 D + TopNByAleatoricUQ (X andidate , Ucandidate ; T2ale )
14 while d.pi € Dy do

15 X < Xeandidate \ {depi }

16 Ucandidate 4— Ucandidate \ {depi }

17 depi +— TopOneByEpistemicUQ (X candidate , Ucandidate)
18 D + TopNByAleatoricUQ (Xcandidate , Ucandidate , T2ale )
19 return dep;

the lowest aleatoric uncertainty. In addition, we also compare
our algorithm with the random baseline that selects patches
randomly. Random baselines are frequently used in the active
learning literature [63]. By comparing with a random baseline,
we can determine whether the data curation algorithm has any
knowledge about data selection at all.

In our evaluation, we gradually expand the training dataset,
using one of the three algorithms: the proposed one and the
two baseline algorithms. For each, we divide the training
data partition randomly into two parts: the initial training
dataset (20% of available patches) and the candidate training
instances pool (60% of available patches). We construct the
training dataset, starting with the initial training dataset, and
train a patch identification model. With the trained model, we
estimate uncertainty measures, such as aleatoric and epistemic
uncertainties. Based on the uncertainties, we select 10% of
instances from the candidate pool and add these to the training
dataset. We then retrain the model and repeat the process.
We stop when we exhaust the candidate dataset. To evaluate
the model’s predictive performance, we compute the F1 score
on the test dataset (20% of available patches) as the size of
the training dataset increases. To ensure the reliability of the
results, we repeat the process 10 times, each beginning with
a random shuffling of the entire dataset.

Figure 6 presents Fl-scores obtained by heteroscedastic
models using both the VCMatch dataset with PatchScout
features and the SAP dataset with CodeBERT feature rep-
resentations. There are two primary observations from these
results:

a) Improved Patch Curation: The results for both
datasets show that the model using EHAL performs the best

(F1 score) as patches are selected and added to the training
dataset. The model with the ELAH baseline performs the
worst, while random selection is in the middle. This serves
as evidence that the proposed algorithm can effectively select
patches and improve predictive performance. Note, however,
that as the percentage of added training data approaches 100%,
there is less leeway for selection, i.e., the dataset runs out of
”good” candidates, and adding more patches to the training
dataset has no discernible effect. The modest gains observed
in Figure 6 are partially due to the limitations of the SAP
and VCMatch datasets, which contain only 1,200 to 1,700
instances. With datasets of this size, it is challenging to observe
a large effect.

b) Better Information Efficiency: As shown in Figure 6,
the model trained using the VCMatch dataset reaches the
best predictive performance with the EHAL Heuristic (Algo-
rithm 1) when 40% of the patches are added to the training
dataset. Since the training time is proportional to the size of
the training data, the implication is that by selecting the right
patches for the training dataset, we can significantly reduce
the training time, i.e., we only need to train with 40% of the
data to achieve the best model performance. We observe the
similar results regarding the model trained using the SAP data,
although the model reaches the best performance when 80%
of the data is used for training (Figure 6). This also indicates
the SAP datasets is of higher quality as it contains more high
quality instances.

The training data ratio is an important hyperparameter in
this approach, as it influences the quality of the data curation
model. Its optimal value varies depending on the dataset and
the model. Our experiments show that, for the VCMatch
dataset, performance gains plateau after using approximately
40% of the curated data, whereas for the higher-quality SAP
dataset, 80% was needed to reach maximum utility. This
variability underscores the importance of tailoring the method
to specific use cases, since the balance between data quality,
model performance, and training-time efficiency differs across
real-world applications. The data curation process is inherently
iterative. A practical approach is to start with a small random
sample of labeled patches, estimate a suitable ratio, and then
adjust it based on model performance as more data are added.

The evaluation results indicate that the data curation
heuristic EHAL can effectively select patches that are
high-quality and have high utility values. Using the
selected patches results in improvements in the model
for automatic vulnerability patch data curation with less
training data.

B. Evaluating Patch Curation’s Impact on Automated Soft-
ware Vulnerability Prediction

In this section, we investigate whether our automatic patch
curation algorithm, which uses the EHAL heuristic, can im-
prove software vulnerability prediction [64]. This demonstrates
the algorithm’s ability to select high-quality patches, thereby
enhancing downstream applications and specifically improving
existing vulnerability prediction models.
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Fig. 6. Comparison of three algorithms/heuristics for selecting training
data: Epistemic High Aleatoric Low (EHAL), Epistemic Low Aleatoric High
(ELAH), and random choice of data. We compute the Fl-score on the:
a) VCMatch dataset with PatchScout features and b) SAP dataset with
CodeBERT embeddings. The error bars represent the variance from 10
independent runs while the line represents the average.

Automated software vulnerability prediction is a popular
application area that relies on vulnerability patch data. For our
experiment, we selected the LineVul vulnerability prediction
algorithm [65]. This choice is based on three key considera-
tions. First, LineVul is a state-of-the-art model for predicting
both vulnerable functions and vulnerability-inducing lines of
code [65]. Second, it was recently evaluated as one of the best-
performing models among various vulnerability prediction
approaches [66]. Third, it utilizes the Big-Vul dataset [27],
a vulnerability dataset where each record contains either a
vulnerable or non-vulnerable function. This dataset is widely
used because it provides the original patches from which
vulnerable functions are derived, allowing for the inference
of lines deleted and added before and after security fixes, thus
facilitating line-level vulnerability prediction. Additionally, the
file-level patches in the Big-Vul dataset allow for assembling
commit-level software patches, which our algorithm is de-
signed to validate using UQ.

For this experiment, we apply the EHAL heuristic to select a
subset of data from the training dataset, which we use to train
the LineVul model. We then evaluate LineVul to assess two
dimensions of model performance: predictive performance and
computational time. For predictive performance, we examine
the F1 score, as done in the LineVul study, while for com-
putational time, we measure the training duration. Our aim is
to demonstrate that our UQ-based approach can select high-

quality data that improves LineVul’s predictive performance
and reduces its training time.

More specifically, we carry out the experiment according to
the following set of steps:

1) Train the patch curation model. We train a patch curation
model using the VCMatch dataset and select the model
that demonstrates the highest patch identification perfor-
mance within the VCMatch dataset, leveraging 40% of
the training instances (see Figure 6). This is because both
the VCMatch dataset and the Big-Vul dataset consist of
C/C++ code, while the SAP dataset contains solely Java
code.

2) Remove overlapping projects from the Big-Vul dataset.
The Big-Vul dataset contains functions from 310 software
projects, among which 8 are also in the VCMatch dataset.
To eliminate the risk of data contamination, we remove
these 8 software projects, namely, FFmpeg, QEMU,
OpenSSL, WireShark, PHP-SRC, Moodle, ImageMagick,
and Linux, from the Big-Vul dataset completely. As a
result, the number of functions in the Big-Vul dataset is
reduced from 188,636 to 130,449. For convenience, in
the remaining discussion of this section, we refer to this
filtered version as the Big-Vul dataset.

3) Extract commit patches from the filtered Big-Vul dataset.
We identify commit hashes associated with vulnerable
functions in Big-Vul and use these hashes to extract the
relevant patches.

4) Partition data for LineVul training, validation, and test-
ing. To ensure the reliability of the results, we apply
the data split method used in 10-fold cross validation to
divide the commit patches in the Big-Vul dataset into the
train, validation, and testing partitions, and the ratios of
the commits in these three partitions are 0.8 : 0.1 : 0.1.
This procedure yields 10 distinct splits with 10 unique
test partitions, ensuring no overlap of commits among
the training, validation, and test partitions.

5) Use the patch curation model to select LineVul training
data. We select patches from the training partition using
the EHAL heuristic. To examine the effects of adding
the selected security patches, we gradually increase the
selected security patches, i.e., by selecting 10%, 20%,
30%, ..., and 100% of the security patches.

6) Train and evaluate LineVul. In the Big-Vul data, a vul-
nerable function has a number of correspondent non-
vulnerable functions, all of these are indexed by the
commit id of the security patch from which the vulnerable
function is extracted. This organization of the Big-Vul
data allows us to assemble the training data from the
selected security patches. We train a LineVul model from
scratch using the functions indexed by the commit id
of the selected patches, and evaluate the performance
of the trained LineVul model on the test partition. The
vulnerable functions in the test partition is about 6.1%,
and following the LineVul study [65], we report F1 score
as the performance metric.

First, we examine the relationship between LineVul’s pre-
dictive performance and the amount of training data used. As
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a baseline, we run the identical experiments using a random
data selection method. Figure 7 summarizes the experimental
results where we show F1 score versus the amount of train-
ing data used. LineVul’s predictive performance varies given
different test data. The figure exhibits the variance using a
standard boxplots showing min, first quartile, median, third
quartile, and max. The figure shows that (a) when we use the
proposed patch selection method, LineVul achieves a higher F1
score with 20-60% of the data than with 100% of the training
data, and (b) the proposed method consistently outperforms
random selection except the case when nearly 90% or more
patches are selected.

—— Data Curation
= Random Sampling

30% 40% 50% 60% 70% B0% 90% 100%
LineVul Training Data Used (%)

Fig. 7. Performance of LineVul trained using the proposed patch curation
method and the random selection method.

Additionally, in Table V we compare the mean F1 scores
obtained when using 100% of training data, using the training
data selected by the proposed data curation method, and using
random selection. When comparing the proposed data curation
method with no data curation, i.e, using 100% of training data,
the improvement of mean F1 score ranges from 1.66% to
3.52%.We observe a higher improvement of F1 score when
comparing the proposed data selection with the random data
selection.

TABLE V
COMPARING MEAN F1 SCORES: USING 100% TRAINING DATA (MEAN F1
Score=0.843), usiING PROPOSED DATA CURATION METHOD, AND
RANDOM SELECTION

Mean F1 Score Gain
Selected % | Random  Curation | vs. Random  vs. 100%
20% 0.800 0.857 7.07% 1.66%
30% 0.818 0.868 6.02% 2.94%
40% 0.823 0.872 6.05% 3.52%
50% 0.825 0.858 3.98% 1.81%
60% 0.825 0.860 4.229 2.08%

Although the improvement is not large, we stress that the
improvement is statistically significant. We conduct the Mann-
Whitney U test to test the hypothesis that the proposed data
curation method yield greater F1 scores despite the variance
and the small effective size. The Mann-Whitney U test is a
non-parametric test that is suitable for FI scores, one-sided
thus non-Gaussian. Table VI shows that p-value is far less than
5% and we reject the null hypothesis that we obtain superior

F1 scores using the proposed data curation method is due to
chance. Given that we control all factors in our experiments,
we conclude that the proposed method is superior, as it
robustly yields higher F1 scores.

TABLE VI
HYPOTHESIS TESTING VIA MANN-WHITNEY U TEST: PROPOSED DATA
CURATION PRODUCES GREATER F1 SCORE THAN USING 100% DATA AND
THAN RANDOM SELECTION

p-value
Selected % | Curation vs. Random | Curation vs. 1009
209% 8.23e — 05 1.43e — 24
30% 2.68e — 04 1.63e — 06
40% 5.95e — 06 1.84e — 07
509 6.15e — 04 2.2Te — 03
60% 4.45e — 03 5.17e — 03

Finally, we emphasize that our method can have another
benefit, i.e., the reduced computational cost. Machine learning
models are increasing in size, thus increased computational
cost. To illustrate this benefit, we measure computational
time. For selected experiments, we run the experiments in an
otherwise idle computer system and record wall-clock time.
The computer system is equipped with an AMD EPYC 7742
64-Core Processor, 512 GB RAM, and a TESLA V100S GPU.
We compare to a baseline of the LineVul model trained with
100% of its training data.

The experimental result in Table VII shows that the pro-
posed patch curation algorithm, which selects 40% of the
training data, can benefit LineVul by gaining a small im-
provement in predictive performance of 3.52% (Table VI).
However, at the same time, the training time is substantially
reduced by approximately 56%, i.e., a significant energy
saving in training. This benefit is particularly valuable for
large vulnerability data collections (that may even include data
augmentation), which are increasingly important to modern
ML models.

The observed improvement in predictive performance is
limited by the fact that the test partition extracted from the
Big-Vul data used in the LineVul study is likely to contain
some noise, as it was gathered directly using an automated
approach based on a set of heuristics and has been reported to
contain some labeling errors [67]. Furthermore, the evaluation
is limited by the size of the dataset for LineVul, i.e., the Big-
Vul dataset.

A trained model of the proposed UQ-based data curation
approach based on the EHAL heuristics can improve
the accuracy and training time of software vulnerability

TABLE VII
APPLYING PATCH SELECTION TO VULNERABILITY PREDICTION
(LINEVUL)

Training Data ‘ Performance Computation Time

Selected % F1  Gain % Time Reduction
100% | 0.843 —- | 8Bh57Tm —_
40% | 0872  3.52% | 3h55m  HImIBm o 569
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prediction, a popular use of sofiware vulnerability patch
data.

V. RELATED WORK

We divide the related work into two categories: 1) ap-
proaches for vulnerability patch curation; and 2) uncertainty
quantification.

A. Vulnerability Patch Identification

The research community has been diligently contributing
efforts to curate multiple vulnerability patch datasets, and a
common method employed by these researchers is through
manual reviews [22]-[24], [26]-[28], [30]-[33]. More re-
cently, researchers have started to scale vulnerability patch
curation through machine learning, a semi-automated process
where they train a machine learning model using a set of
manually vetted vulnerability patches and subsequently iden-
tify vulnerability patches through inference [3], [4], [13], [14],
[34]1-[37]. Regarding vulnerability patch curation, we classify
these efforts into two distinct categories, which we term as vul-
nerability patch prediction and vulnerability patch association.
The former involves the classification of a changeset, whether
it is one commit or a group of semantically related commits,
into either a "general” vulnerability changeset (i.e., a changeset
that fixes a vulnerability) or not [3], [4], [34]-[37]. On the
other hand, the latter aims to determine whether a changeset
corresponds to a “specific type” of vulnerability changeset that
addresses a known vulnerability, such as a CVE [13], [14].

In this work, we make two essential contributions. First,
we provide a principled approach to assess the quality of
data curation [3], [4], [34]-[37]. Second, we offer guidance
on data curation, focusing on not only data quality but
also data usefulness, through the application of Uncertainty
Quantification (UQ) techniques [13], [14]. As such, our work
is not simply to “clean” existing datasets, rather it is aimed
to curate highly useful security patches for improving down-
stream applications of the patches. While dataset cleaning
primarily addresses technical errors and inconsistencies, cu-
ration involves selecting data points that maximize utility,
ensuring the resulting dataset is optimized for improving
model performance and training efficiency.

B. Uncertainty Qualification

In our work, we leverage recent advances in UQ for
deep learning. Most UQ techniques are probabilistic ap-
proaches [40]-[43]. We can contrast different UQ techniques
along several dimensions, e.g., frequentist versus Bayesian
approaches, single prediction versus set prediction approaches,
direct modeling versus approximation [39], [41]. Primarily,
UQ has been leveraged to address “Al safety”, for which, an
essential problem is to understand to what extent the user can
trust the decision made by a machine learning model [68],
[69]. Not until recently have researchers begun to use UQ
to assess data quality for machine learning [70]. Our work
here is not to propose a novel UQ approach for Al safety.
Rather it is to investigate two interconnected issues [15],
[37], the data quantity and the data quality of vulnerability

patch data via UQ approaches that disentangle epistemic and
aleatoric uncertainties [17], [58]. Via evaluating combinations
of data distribution modeling and UQ approximation tech-
niques, our work paves a path for a principled approach to
curate and select changesets for software security applications.
In addition, our result show that the proposed approach can
positively contribute to important research direction in security
assurance, such as software vulnerability prediction.

VI. THREATS TO VALIDITY

The primary threat to validity is the inability to generalize

the findings, which map to internal threat to validity.
Selection of UQ Models. There are a wealth of UQ research
that have resulted in a myriad of UQ concepts and modeling
approaches with varying assumptions, advantages, and pit-
falls [39], [43]. Selecting a suitable UQ model is a challenging
task for software vulnerability patch curation. This challenge
is complicated by the lack of ground-truth uncertainty for real-
world datasets. To evaluate ordinary machine learning tasks,
such as regression and classification, we rely on ground truth
values that are sometimes referred to as “gold set” data. For
UQ studies on practical problems, there is a lack of UQ gold
set data to evaluate UQ models. To address this threat, research
commonly experiments with how UQ models respond to data
quality shifts. Intuitively, when data quality shifts increases,
we expect the models’ prediction ability to degrade, which
should results in lower predictive performance and higher
uncertainty. In this approach, we experiment with multiple UQ
modeling techniques to select the most suitable model for this
study.
Generalization of Findings. Our research findings strongly
suggest that Uncertainty Quantification (UQ) can serve as a
systematic and principled approach to curate software change-
set data, enabling effective vulnerability patch identification
and other software quality assurance tasks. However, it is
important to acknowledge a potential internal threat to the
validity of these conclusions, as the generalizability of our
results might be limited due to the number of models, datasets,
and UQ approaches explored in our initial experiments. Fur-
thermore, we acknowledge that our technique has thus far been
applied only to the SAP, VCMatch, and Big-Vul datasets.
To mitigate this internal validity concern, we conducted an
extensive array of experiments. By exploring various combina-
tions of UQ techniques, datasets, and data features, we sought
to ensure robustness in our findings. The key conclusions
consistently emerged across all of our experiments, reinforcing
the reliability of our main research outcomes.

This study randomly splits labeled commit patches into
training, validation, and test partitions, a standard practice in
software vulnerability prediction research. While data leakage
is a general concern in machine learning, random splits
cannot fully prevent it due to potential dependencies between
commits, such as change couplings and genealogies [71], [72].
In our case, this risk is minimal. The datasets consist of
vulnerability patches and randomly selected clean patches,
without full evolutionary histories. As a result, the chance of
leakage from commit dependencies is low.
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Sources of Uncertainty. A recent study calls into the attention
of the effectiveness of noisy label learning on deep learning
for program understanding [73]. The study indicates that deep
learning models still struggle to detect real-world noise in
program understanding datasets. In this research, we do not
differentiate the sources of uncertainty, i.e., whether they
stem from the feature space or the labeling space. A future
direction will be to investigate whether UQ can improve noise
label learning for program understanding by more accurately
detecting labeling errors.

Programming Languages and Data Selection. Programming
Languages and Data Selection. In this paper, we evaluated the
impact of the proposed data selection approach on software
vulnerability prediction using C/C++ code. Whether this data
selection approach has a similar impact on software vulner-
ability prediction for other programming languages or in a
cross-language setting remains an open question for future
exploration.

VII. CONCLUSION AND FUTURE WORK

Machine learning techniques that leverage historical vul-
nerabilities have become an important direction in software
security assurance. However, obtaining high-quality vulnera-
bility patch data, which is crucial for advancing this research,
poses significant challenges. Several studies confirm substan-
tial quality issues in software vulnerability patches collected
from the NVD [13], [15]. Furthermore, there is a lack of a
systematic approach to curate patch datasets and assess patch
quality. Relying solely on software security experts for manual
curation is impractical due to cost and limited availability of
expertise. In addition, prior works primarily focus on data
quality alone [15]. As machine learning techniques become
an important research direction software security assurance,
whether curated patches are informative to machine learning
should be an important dimension to examine. However,
designing patch data curation approaches that account for both
utility and quality is particularly challenging to design due to
the fact that both quality and usefulness span a spectrum.

To address these concerns and challenges, our work aims
to develop an approach for curating software changeset data
for security software assurance. We propose an automatic, ma-
chine learning-based security patch curation approach intended
to select patches with high quality and utility value. This is
made possible by developing a heuristic that leverages both
epistemic and aleatoric uncertainties computed on security
patches. From our evaluation, we observe the following: 1)
Model Ensemble is an effective method for producing reliable
Uncertainty Quantification (UQ) in security patch curation;
2) software changeset data can exhibit different distributions
across projects or components, making heteroscedastic mod-
eling a superior approach that demonstrates better predictive
performance and UQ quality compared to homoscedastic
modeling; 3) epistemic uncertainty can serve as a proxy for
the informativeness of the patches while aleatoric uncertainty
can serve as a guidance for the quality of the patches; 4) in
all evaluations, we compare data curated using the proposed
approach with 100% of the data from VCMatch and Big-
Vul, representing heuristic-based and machine learning-based

state-of-the-art curation methods, respectively, and find that it
selects higher-quality and more informative patches. Our study
highlights that UQ measures can guide the selection of change-
sets to benefit downstream secure software quality assurance
tasks, such as a software vulnerability prediction model. For
a manually curated high-quality dataset, the benefits come 1)
a small but statistically significant improvement of predictive
performance, and 2) a significant reduction in software vulner-
ability model training time (i.e., significant energy saving). Our
work is a first to curate security patches with a focus on their
utility values in addition to their quality, which sets the stage
for the future work that aims to scale our experiments to other,
larger vulnerability datasets and curate vulnerability patches
from databases such as the NVD to significantly improve
predictive performance and reduce uncertainty for machine
learning-based software security assurance approaches.

Future work also includes assessing new UQ models aimed
at enabling a data curation pipeline that further improves
downstream applications.  Additionally, advances in large
language models (LLMs) have led to the exploration of non-
training methods, such as in-context learning and prompt
engineering, in numerous application settings [74], [75]. A
recent study demonstrates the potential of generative LLMs in
filtering vulnerability data by identifying and removing low-
quality instances using carefully designed prompts [76]. We
posit that our work can also be used to curate high-utility,
representative examples for prompts or in-context learning
inputs, thereby enhancing the effectiveness of these non-
training methods.
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