Assessing Uncertainty in Performance Modeling:
Conformal Prediction vs. Bayesian Regression

Stefan Jahns Sven Apel Norbert Siegmund
Johannes Dorn Saarland University ScaDS.AI

Max Weber Saarbriicken, Germany Dresden/Leipzig, Germany
Leipzig University Leipzig University

Leipzig, Germany
Abstract

Most software systems today are configurable. As a consequence,
predicting performance is inherently challenging due to the sheer
number of configurations exhibiting individual performance varia-
tions. When predicting the performance of unseen configurations,
it is imperative to know how reliable such predictions are. Bayesian
methods have been shown to be able to quantify the uncertainty in
their estimates, but require prior information about performance
distributions and, more importantly, are constrained in their learn-
ing technique, effectively limiting their practical applicability. Con-
formal prediction, an entirely novel approach to uncertainty quan-
tification in this area, augments existing learning algorithms via
a statistical post-hoc analysis. This allows us to provide uncer-
tainty estimates even for point-estimate algorithms, such as random
forests or deep neural networks. The goal of this study is to evaluate
how assumptions of conformal predictions regarding sample size
and distribution, as well as the heterogeneity of learning algorithms,
affect their applicability to software performance prediction. We
conduct a comprehensive study comparing four conformal predic-
tion variants against P4, the current standard for uncertainty-aware
performance prediction, analyzing accuracy, scalability, and uncer-
tainty quantification. Our results show that conformal prediction
consistently outperforms the state of the art across six out of eight
real world scenarios, producing correct confidence intervals that
are 46-75 % narrower, and thus more certain. Notably, conformal
prediction can be used to enrich existing techniques, with post-hoc
uncertainty quantification in a plug and play fashion.
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1 Introduction

Understanding how configuration options influence the perfor-
mance of software systems is essential for optimizing performance,
reducing energy consumption, and improving user satisfaction [46].
As configuration spaces are typically huge, current methods mea-
sure a subset of configurations to train models that estimate the
performance of unseen configurations. Usually, these estimates pro-
duce scalar values; that is, single-point performance estimates with
no indication of spread or confidence [7]. While these estimations
are accurate under ideal conditions (e.g., multiple, interference-free
measurements), they lack the capability for uncertainty quantifi-
cation, which provides a measure of the confidence or reliability
of the performance estimates [31]. In real-world scenarios, incor-
porating uncertainty is crucial as it enhances transparency and
enables more robust decision-making when dealing with imperfect
or multi-modal data [7, 38].

Consider a database system for which we can configure its query
optimization strategy. One strategy might lead to a bimodal per-
formance distribution: It executes queries either fast or slow, de-
pending on the cache hit rate. A scalar prediction would report an
average of both (or just one) execution-time behavior, which, in
this example, is incorrect and possesses the risk of extreme slow-
downs. Uncertainty quantification would reveal this variance (as
shown in Figure 1), helping users avoid strategies prone to unsteady
performance.

Bayesian methods, such as P4 [7, 8], have been proposed for in-
corporating uncertainty quantification into software performance
modeling. These methods produce predictive distributions, offering
detailed insights into uncertainty, for example, whether or not a
given query optimization strategy is likely to result in consistent
performance. However, Bayesian methods come with notable limi-
tations: They heavily depend on a (user-given) prior distribution,
representing initial beliefs about option—performance relationships,
which are often unknown or difficult to estimate accurately, po-
tentially leading to overconfident predictions. [9, 44]. Moreover,
Bayesian methods often require modifications to existing models.
For instance, in neural networks, they may necessitate changes to


https://orcid.org/0009-0007-1942-8145
https://orcid.org/0000-0002-5562-0894
https://orcid.org/0000-0003-3454-4121
https://orcid.org/0000-0003-3687-2233
https://orcid.org/0000-0001-7741-7777
https://creativecommons.org/licenses/by-nc-nd/4.0
https://creativecommons.org/licenses/by-nc-nd/4.0
https://creativecommons.org/licenses/by-nc-nd/4.0
https://doi.org/10.1145/3832783.3837425
https://doi.org/10.1145/3832783.3837425

ASE ’26, October 12-16, 2026, Munich, Germany

—— Predicted Performance [s]
Confidence Interval
e G

True Performance Influence
---- Learned Mean Influence

Option C
i
i

Option B
'

500

g 400

300

Performance [s]

i
i
i
Option A ;
200

Densitv

Configurations

Density

t
i
i
i
i
i
i
1
1
i
i
i
'
1
i
i

0 100 200

Option Performance Influence [s]
Y Uncertainty

Figure 1: System analysis. Left: True influences of configura-
tion options (density plots; mean as dotted red line). Right:
Performance predictions (red line) with confidence intervals
(blue area) containing true values with certain probability.

the activation function [9], which could affect its predictive perfor-
mance. Some models, such as random forests, which have shown
high accuracy in software performance modeling [14], are incom-
patible with Bayesian methods without extensive modifications. So,
it seems one must decide between the advantages of uncertainty
quantification and the most accurate models. The premise of our
work is that, with conformal prediction, we can have both.

In this paper, we explore whether conformal prediction, a tech-
nique well-established in medical diagnosis [42] and financial fore-
casting [5], is able to address the challenges of uncertainty quantifi-
cation in performance modeling of software configuration spaces.
Conformal prediction leverages the law of large numbers to pro-
vide valid uncertainty estimates without requiring prior distribu-
tions. Crucially, it operates as a post-hoc method of any existing
prediction model, preserving the model’s accuracy while adding
uncertainty quantification. That is, conformal prediction can be
used on top of well-established models, such as random forests [4]
and neural networks [30], not replacing but augmenting them.

Although conformal prediction has been used in several domains,
it is unclear whether it can be applied to performance modeling of
software configuration spaces, as data is high-dimensional and sam-
ple sizes are low due to high measurement effort. Specifically, we
are interested in whether conformal prediction is able to provide
reliable uncertainty estimates in real-world settings. As confor-
mal prediction is an umbrella of different methods for the task of
post-hoc uncertainty quantification, it is important to empirically
investigate which of these methods is applicable to this domain.

We are the first to introduce this concept to performance model-
ing and, thereby, address the necessary steps to rate its applicability:
We conduct a comprehensive evaluation of conformal prediction
and compare it to Bayesian methods. To this end, we use a combi-
nation of synthetic datasets designed to simulate high-dimensional,
low-sample scenarios, as well as real-world performance measure-
ment data derived from a diverse set of configurable software sys-
tems. We test the applicability of post-hoc uncertainty quantifica-
tion with traditional scalar models, such as Lasso regression, and
advanced models, such as random forests and neural networks.
We compare Bayesian and conformal prediction methods to ex-
amine potential performance trade-offs under varying conditions,
particularly with respect to prediction accuracy and the quality
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Figure 2: Characteristics of performance data, illustrated
using HSQLDB. Configurations mapped to one dimension;
energy consumption (over fixed time) as metric.

of uncertainty quantification. To better understand the practical
applicability of uncertainty quantification techniques, we introduce
various forms of uncertainty into our performance measurements
to simulate real-world conditions and thereby assess the robustness
of conformal prediction in realistic environments with unavoidable
performance variance.

Our experiments demonstrate that conformal prediction is a
viable approach for augmenting performance modeling of config-
urable software systems. In six out of eight real world scenarios,
it outperforms the P4 model and achieves comparable results in
the remaining ones. Among the conformal prediction methods,
split-localized conformal prediction performs best across various
learners. If the learner can be chosen, the combination of cross-
validation+ with a random forest regressor yields the strongest re-
sults. It achieves a 60 % improvement in prediction accuracy and in-
creases confidence level to 0.91, compared to P4’s over-conservative
0.99 (target: 0.8), while having 70 % narrower intervals, capturing
uncertainty more effectively than P4.

This paper makes the following key contributions:

e Conformal Prediction: We introduce conformal prediction
as a practical, model-agnostic solution for uncertainty-aware
software performance modeling.

e Uncertainty Quantification: We evaluate the effectiveness of
uncertainty quantification methods for configurable software
systems, highlighting their practical applicability and reliability.

e Method Selection: We identify fundamental trade-offs between
Bayesian methods and conformal prediction with respect to pre-
diction accuracy and uncertainty quantification quality, and de-
rive actionable recommendations for their use.

¢ Reproducibility: We provide a comprehensive replication pack-
age with datasets, code, and experiment scripts.

2 Related Studies and Problem Statement

While there is substantial work on performance modeling of con-
figurable software systems, quantifying the uncertainty of per-
formance predictions has been addressed only by P4 [7]. P4 is
a Bayesian linear regression approach that employs probabilis-
tic programming with Lasso-based feature selection. Although P4
demonstrates advantages, specifically its capability to automati-
cally approximate prior distributions, prediction accuracy is often
below that of scalar models, such as random forests or deep neural
networks.

Given the trade-off between accurate uncertainty quantification
and predictive accuracy, we investigate alternative approaches. Con-
formal prediction is an alternative that is agnostic to the learning
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technique and, thus, does not affect prediction accuracy. Confor-
mal prediction has been compared against Bayesian modeling in
other contexts (e.g., UCI datasets [6]) with superior results in most
cases [6, 19, 45]. However, none of these studies address the char-
acteristics of performance data and come even close to the number
of input dimensions (i.e., configurations in our case), limiting the
transferability of their findings. To clarify this, let us compare the
characteristics of prior work with those of configurable software
systems. Dewolf et al. [6] use 80% of all data for training, a pro-
portion that is infeasible for configurable software systems with a
humongous configuration space. Due to high cost of measuring a
single configuration, the available training set typically represents
only a small fraction of the full population.Additionally, the study
neglects marginal coverage (see Section 5.5.2), an essential met-
ric for evaluating its usefulness in performance modeling. Wang
et al. [45] apply conformal prediction to housing data and other
non-computer science datasets, whose distributional properties dif-
fer substantially from performance measurements. Lei et al. [19]
do not evaluate conformal prediction on sparse datasets, a defin-
ing characteristic of performance measurements in configurable
systems [10, 13] which we will explain next. Consequently, de-
spite existing research on conformal prediction, it remains unclear
whether specific conformal prediction techniques can be effectively
applied to performance prediction of software configurations.
The limited empirical evidence from prior work becomes clear
when examining the distinctive characteristics of performance data
(see Figure 2). First, performance data are sparse: given the expo-
nential number of how configuration options can be combined,
only a small fraction can be practically measured [10, 13]. Second,
these data are high-dimensional due to the large number of config-
uration options. which may be numeric or binary and can exhibit
strong interactions [18, 35]. Importantly, despite this high dimen-
sionality, configuration options often exhibit substantial collinear-
ity [7, 8]. This complicates attributing performance influences on
individual options and interactions and can degrade certain learning
algorithms, and locality-based conformal-prediction approaches.
The extent of this effect remains unknown due to limited empiri-
cal evidence. Third, performance influences are often locally clus-
tered [10, 23, 37], exhibit a stair-like discrete performance land-
scape distinct from other settings [25]. Finally, measurement data
are considerably noisier [40] than, for instance, the housing data
commonly used to evaluate conformal prediction. This motivates a
clear need for the empirical assessment of how and when conformal
prediction can be applied to performance data. Consequently, un-
certainty quantification techniques in this setting must be robust to
sparse and noisy data, while being still producing valid confidence
intervals across a high-dimensional and non-continuous landscape.
Concretely, the aforementioned characteristics pose several chal-
lenges to conformal prediction. They violate its core assumption of
a single nonconformity distribution [43], as different regions of the
configuration space can exhibit distinct performance regimes [37].
Methods such as localized conformal prediction address this is-
sue, but they rely on sufficient data density in local regions [11],
which is limited here due to measuring costs. In addition, collinear-
ity among configuration options can further complicate modeling,
as it is known to require specialized treatment for reliable uncer-
tainty quantification in Bayesian approaches [7, 8] may indirectly
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affect conformal methods by degrading residual quality or local
neighborhood structure. Furthermore, the stair-like and discontinu-
ous response surface of configurable systems leads to non-smooth,
heterogeneous residual distributions, reducing conformal interval
efficiency and resulting in wider intervals for the same coverage
guarantee [19, 28, 32].

While limited aspects of these challenges have been partially ex-
amined in isolation (e.g., [11, 28, 32]), their combined impact has not
yet been systematically investigated, nor rigorously compared to
Bayesian approaches, despite their central importance for practical
uncertainty estimation in performance prediction for configurable
software systems. Moreover, there is no empirical evidence on the
sample sizes needed to effectively use conformal prediction. We
therefore empirically assess its effectiveness in this data regime
and evaluate its potential as an alternative to Bayesian modeling,
which often struggles to maintain point prediction accuracy while
incorporating uncertainty quantification in performance modeling.

3 Conformal Prediction

3.1 Overview

Conformal prediction (CP) is a statistical framework that can quan-
tify the uncertainty of point estimates from arbitrary learning al-
gorithms [33]. It does so by computing a confidence interval (I),
within which the ground truth value lies with a certain probability.
Formally, the probability that the ground truth value v is within
the confidence interval is:

Ploel)>21-a

where « specifies the user-chosen error rate. For instance, setting
a = 0.05 would lead to a computed interval range such that the
true value will be within this interval with a 95 % probability.

We define C as the set of valid configurations of a configurable
software system. A learning algorithm [ uses a training set d to
produce a prediction model m?. The elements of the training set
are tuples (¢, v) where ¢ € C and v is the performance value of the
corresponding configuration determined by measurement. For in-
stance, we can use Lasso regression for learning m]‘fasso = Lasso(d).
Since my 5550 can predict only scalar values §j = mya550(c), we have
no quantitative information about their correctness.

Conformal prediction augments a point estimate with a confi-
dence interval derived from a trained conformal prediction model
(CPM). This model estimates uncertainty based on how well it has
predicted previously seen configurations. To separate the role of
the data, whether they are used for training the prediction model
or for deriving confidence, we can choose from different conformal
prediction methods. A method defines how data are split between
training the prediction model m; and computes conformal scores
s. Depending on the method, we obtain confidence intervals with
varying accuracy. There are different approaches to compute the
conformal scores, which further distinguishes the different con-
formal methods. Here, we select a non-conformity measure 7. In
a nutshell, the non-conformity measure receives a set of config-
urations, their measured performance values, and the prediction
model, and outputs a score that indicates how well a prediction
fits the rest of the data. Choosing a non-conformity measure that
fits the setting is crucial for accuracy [33]. The trained conformal
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Figure 3: Training pipeline of a conformal prediction model,
illustrating inputs, processing steps, and model components.

prediction model consists of the prediction model, conformal scores,
and the non-conformity measure. Figure 3 illustrates its pipeline.

Algorithm 1 depicts how we predict a confidence interval for a
new configuration. It takes as input a configuration ¢ for which it
should estimate its performance and a fitting confidence interval.
As the first step, it predicts the scalar value § based on the pre-
dictive model of the provided conformal prediction model. It then
computes the a-quantile threshold s, from the scores s provided by
the conformal prediction model and the user-defined parameter a.
To construct a confidence interval, we determine which true values
would yield a non-conformity score less than or equal to s,. This is
achieved by applying the inverse non-conformity measure (1) to
m, ¢ and s, resulting in an interval that contains all such values -
this interval is the predicted confidence interval (I).

The output of the inverted non-conformity measure is the inter-
val containing all values whose conformity scores are less than or
equal to s, for the prediction value m(c) [33]. For example, if the
non-conformity measure is the absolute distance between predic-
tion m(c) and measured value v (see Equation 1) and if we calculate
the confidence interval for m(c) = 5 with s, = 2, the resulting con-
fidence interval would be [3, 7], as all values v within this interval
would yield a conformity score less than or equal to 2.

Algorithm 1 Prediction

: Input: CPM (m, s, ), new configuration c, confidence level &
s g —m(c)

: S < quantile(s, )

: I — 7 (sgs 0, m)

: return g, 1¢

[ T

3.2 Conformal Prediction Methods

The conformal prediction framework provides four methods that
are commonly used in regression settings: Conformalized quan-
tile regression, split conformal prediction, jackknife+, and cross-
validation+ [21]. The conformalized quantile regression works only
for models that already produce confidence intervals and are there-
fore not feasible for our setting, where we want to add uncertainty
quantification to models that are already used for configurable soft-
ware systems. Nevertheless, as it represents a promising alternative
to Bayesian modeling, we include it in our evaluation as well. The
jackknive+ is often seen as a special case of cross-validation+ with
similar results but a higher computational cost [21]. So, we evalu-
ate the remaining two methods: split conformal prediction [26] and
cross-validation+ [2, 43]. Split conformal prediction is computation-
ally efficient, and cross-validation+ utilizes all available data for
prediction and calibration of the confidence intervals [20].
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3.2.1 Split Conformal Prediction. The split conformal prediction
method (Algorithm 2) employs a split function to partition the
training set d into two non-empty, disjoint sets: djearn and deopf. In
our experiment, we perform a random shuffle and then split the
data using a fixed split factor. The first set, djeary, is used to train
the prediction model m. After training, we use the model and the
set deonf to calculate the conformity scores based on the selected
non-conformity measure.

Algorithm 2 Split Conformal Prediction

: Input: Learning method [, data d, non-conformity measure 7, split function f
¢ (diearn, deonf) < f(d)

: m <« l(diearn)

PSS '](m’ dconf)

: returnm, s,

DA W e

3.2.2 Cross-Validation+. The method cross-validation+ (Algorithm
3) uses a k-fold strategy to partition the training data d into k
disjoint subsets of equal size. For each subset d; C d, we train a
prediction model m; using the remaining k — 1 subsets d \ d;. Next,
we use prediction model m; and subset d; to calculate conformity
scores s; with the selected non-conformity measure. This process
results in k prediction models and k sets of conformity scores. Fi-
nally, a model my is trained on the entire dataset d, and the models
and scores are combined into a tuple to produce the final prediction
model m and the combined conformity scores s for the conformal
prediction model. The final model m acts as a single model (my)
when predicting the scalar value 7, but as k separate models when
computing the inverse non-conformity measure, yielding k dif-
ferent predictions m;_(c). The confidence interval is constructed
based on these predictions and the distribution of conformity scores.
Specifically, we use the a-smallest prediction to calculate the lower
bound and the a-largest prediction to calculate the upper bound of
the final confidence interval.

Algorithm 3 Cross-validation+

1: Input: Learning method /, data d, non-conformity measure #, number of folds k,
2: (dy..di) < k-fold(d)

3: fori=1to k do

4 m; — 1(d\ d;)

5 si < n(m;, d;)

6: end for

7: my < I(d)

8: m < (mg,my, ..., my)

9: s — Uf(sl)

0

10: return m, s, n

3.3 Non-Conformity Measure

We use two non-conformity measures in our experiments: the ab-
solute residual score and a localized version of it [11]. The first
is the simplest non-conformity measure and is used as a baseline
for our setup; the second one allows for capturing uncertainties
induced by individual options because it takes the configurations
into account and not just the predicted values. The absolute score is
defined as the absolute difference between the predicted value and
the measured one:

absolute-score (m, (c,v)) := |m(c) - |, (1)
whereas the localized score uses an auxiliary model ¢ trained to
predict the residuals of m for normalization. 6 is trained on a subset
of d¢onf and the corresponding predictions of m:
_Im(e) ~ o]

6(c)

@

localized-score (m, (¢, v))
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The absolute score is straightforward and robust but results in
confidence intervals of equal width for all predictions when using
the split method, limiting potential improvements in interpretability
and ignoring the nature of software performance values, which
may span from milliseconds of execution time to minutes and hours
for the same software system, depending on the configuration. The
localized score accounts for the distance between configurations,
offering variations in the intervals. However, it has two drawbacks:
It can be used only with split conformal prediction due to the
additional model &; moreover, inaccuracies in ¢ predictions can
reduce the accuracy of the resulting confidence intervals.

3.4 Guarantees

Conformal prediction as a statistical framework has been proved
to provide valid confidence intervals as long as two assumptions
hold: exchangeability and an infinite data set [43]. Exchangeability
is a relaxation of the commonly used assumption of independent
and identically distributed random variables [33]. It assumes that
the joint probability distribution of a dataset remains unchanged
under any permutation of the indices of its items. Regarding the
second assumption, an infinite data set is required to achieve an
exact interval coverage of 1 — a. However, since the coverage prob-
ability asymptotically approaches the target level as the data set
size increases [1], a large enough dataset is sufficient. Whether
the typically available sample set sizes of configurable software
systems are sufficient for this approach remains unclear, which is
why we study the applicability of conformal prediction.

4 Research Questions

In this section, we present our research questions addressing whether
conformal prediction can be a useful tool for augmenting existing
performance-prediction approaches.

ROQ1: Is conformal prediction feasible for performance model-
ing of configurable software systems?

Our main goal is to assess whether and how reliable conformal
prediction can be applied to performance modeling of software
configurations, and at the same time enabling uncertainty quan-
tification for a number of modeling approaches that are already
existing. To demonstrate feasibility and address the breadth of this
question, we formulate the following research objectives:
Robustness to Data Limitations: Since conformal prediction relies
on the law of large numbers, a key challenge in applying it to
software performance modeling is the typically small number of
measurements available relative to the whole number of possible
configurations. As a consequence, such data sets are sparse in na-
ture; that is, we obtain only a few measurements per combination
of options within this large configuration space.

RQ1.1 How accurate are the confidence intervals generated by con-
formal prediction for real-world performance datasets of configurable
software systems?

Consistency Across Configuration Options: In software performance
modeling, it is crucial to understand which options influence the
system’s overall performance. Transferred to our setting, we need
to evaluate whether uncertainties induced by specific options are
captured within the confidence intervals.

ASE °26, October 12-16, 2026, Munich, Germany

RQ1.2 How consistent does conformal prediction capture uncertain-
ties across different options in configurable software systems?

Informativeness of Confidence Intervals: To be useful, predicted con-
fidence intervals must be both accurate and informative, meaning
they should be sufficiently narrow to support decision making. To
assess what constitutes a sufficiently narrow interval, we evaluate
interval width relative to the dispersion of the measurement data.

RQ1.3 Does conformal prediction produce confidence intervals in a
reasonable width in comparison to the predicted values?

To answer RQ1, we conduct experiments on both synthetic datasets
and real-world systems, examining the impact of several variables
on the evaluation metrics. Based on our research objectives, we vary
the following five independent variables: software system, sample
size, machine learning algorithm, conformal prediction method, and
non-conformity measure. The metrics and specific values chosen for
each variable are detailed in the experimental setup (see Section 5).

RQ»: How do the selected conformal prediction methods com-
pare to alternative approaches in terms of uncertainty quan-
tification, prediction accuracy, and scalability?

We divide the comparison into two parts: (1) P4, an established
uncertainty quantification approach for performance modeling of
configurable software systems, and (2) CQR, a conformal method
that uses quantile prediction models rather than augmenting an
existing point-estimate model.

Conformal prediction offers greater flexibility than Bayesian
regression by being able to augment any given machine learning
model. Additionally, split conformal prediction may provide scala-
bility benefits, as its computational overhead increases linearly with
the sample size. While our goal is to equip established performance
models for scalar estimates with uncertainty quantification, we also
consider interval-based conformal methods, such as conformalized
quantile regression (CQR), as a possible alternative. This compari-
son separates the benefits of augmenting established models from
those of using models for interval estimation.

We apply all approaches to the same systems and training sets
used in RQ. For P4, confidence intervals come from the model’s
posterior predictive distribution, representing the probability of
future observations given the training data. All resulting intervals
are evaluated using the same correctness and usefulness metrics.
We use three complementary metrics: (i) scalar prediction accuracy,
capturing differences in the underlying machine learning models;
(ii) probabilistic accuracy, assessing the combination of prediction
precision and uncertainty quantification; and (iii) computational
efficiency evaluating scalability with training set size (see Sec. 5.5).

5 Experiment Setup

This section describes the experimental setup used to answer our
research questions. Each experiment is repeated 30 times to en-
sure statistical reliability and reduce the impact of randomness in
training and evaluation.

5.1 Subject Systems

We evaluate our approach on ten software systems—two synthetic
and eight real-world (see Table 1)—selected to cover a diverse range
of characteristics and complexity levels.
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Table 1: Overview of subject systems. |Op|: number of binary
options; |ON|: number of numeric options; |C|: number of
valid configurations. popt and pg,¢ summarize the fitness
landscape (local optima and plateau-like configurations in
%), L is the number of distinct fitness levels, Bmax the largest
basin of attraction in %, COR the max pairwise correlation.
Sample Size: number of samples used for the experiments.

System # Options # Configs
|08 IO IC]

Fitness-landscape Sample Sizes

Popt Plat L Bmax COR n  2n 5n pw

X264 22 0 4608 8.51 0.33 434 2.19 0.5 22 44 110 101
HSQLDB 18 0 864 9.38 10.8 210 7.52 1 18 36 90 73
APACHE 19 0 581 3.45 1.38 237 5.52 1 19 38 95 48
7z 11 3 68642 1.05 58.2 315 1.35 0.25 20 40 100 279
NGINX 14 2 4417 5.19 114 84 2.76 1 20 40 100 213
VP8 10 4 41040 0.19 143 612 632 09 22 44 110 140
POSTGRESQL 6 3 19008 0.31 0.00 610 7.05 0 15 30 75 144
LRZIP 10 3 5184 1.79 60.7 179 9.16 0.2 19 38 95 243
SYNTH. 1 19 - 2560 4.18 68.6 197 3.75 033 19 38 95 138
SYNTH. 2 142 - > 500k - - - - - 142 284 710 -

5.1.1 Synthetic Systems. The goal of a synthesized data set is
twofold: First, we have a ground truth for which we can accu-
rately assess whether conformal prediction aligns. Second, we can
arbitrarily scale the data set in contrast to actual measurements.

We synthesize the data to be as close to realistic performance
data as possible. To this end, we use configurations from real-world
systems and define only the performance influences of the configu-
ration options and their interactions. This allows us to introduce
different types and severities of uncertainty:

e 5% normally distributed noise across all values: simulates mea-
surement errors commonly found in real-world systems.

o 10% normally distributed noise on a single option or interaction:
models uncertainty introduced by individual options.

e 10 % bimodal noise on a single option or interaction: captures un-
certainty from options with distinct performance modes.

Each type of option-specific uncertainty is applied to a quarter of
the influencing options or interactions.

Configurations originate from the real-world system BERKELEY-
DBC and out of a general collection [39]. The small variant is
BeErRkELEYDBC with |Og| = 19. For its ground truth option influ-
ences, we use the values of related work [37]. The larger variant is
a finance-decision system with |Og| = 142, we generate its ground
truth using Thor, a tool for generating option influences [37].

5.1.2  Real-World Systems. We selected eight real-world systems
from prior work [7, 15, 47], covering four domains (i.e., video encod-
ing, databases, web servers, data compression) with two software
systems per domain to enhance the generalizability of our results.
Table 1 gives an overview of these systems, including the sample
sizes we use for our experiments and four fitness-landscape metrics.

Popt is the fraction of sampled configurations that are local op-
tima, i.e., configurations whose fitness is not worse than that of
any Hamming-distance-1 neighbor. Higher values of popt indicate
more locally peaked, rugged landscapes.

Pflat is the fraction of plateau-like configurations whose neigh-
bors are predominantly neutral, with fitness differences below a
small tolerance. Higher pg,; values point to large plateaus where
many neighboring configurations have similar fitness.
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L is the number of distinct fitness levels after rounding fitness
to a bin width of one hundredth of the global standard deviation. A
larger L means that the fitness values occupy more distinct levels
at our chosen resolution, reflecting a finer-grained stair structure.

Bmax is the percentage of configurations that reach the largest
optimum under greedy hill-climbing. A larger Bpax implies that
one optimum attracts a substantial portion of the sampled configu-
rations, whereas a smaller Bpax suggests that attraction basins are
more fragmented across multiple optima.

As a collinearity diagnostic, we report the maximum absolute
pairwise correlation between configuration options after removing
exact duplicate option columns, which indicates how strongly any
two remaining options move together and thus how much redun-
dancy there is in the option space. Full reports are provided in the
supplementary material (see Data Availability).

5.2 Sampling Size

To examine the impact of training data size |d| on the accuracy of
the confidence intervals and prediction values, we use true random
sampling with four sizes: n, 2n, 5n and pair-wise. The first three
sizes are based on the number of configuration options n, following
prior work [34]. To account for the complexity of numerical options,
we weigh each numerical option by a factor of three—reflecting the
common practice of sampling the minimum, maximum, and mean
values [34]. For example, in PosTGRESQL, which has 6 binary and 3
numerical options, we compute n = 6 +3 - 3 = 15.

The pair-wise size is derived using the T-wise sampling meth-
od [12] with an interaction depth of 2, commonly used to capture
option interactions in configurable software systems. For numer-
ical options, we follow the same count used in Plackett-Burman
sampling [27] with |ON| + 1 measurements.

5.3 Machine Learning Algorithms

We use three machine learning algorithms that have been used in
prior work for performance predictions of software configurations:

o Lasso regression: an interpretable baseline [41].

e Random forest: a non-linear ensemble method [4].

e DeepPerf: a deep-learning model designed for software perfor-
mance prediction [13].

as well as two machine learning algorithms that are feasible for
conformalized quantile regression:

e Linear quantile regression: a linear model that estimates condi-
tional quantiles using the pinball loss [17].
o LightGBM: a fast, non-linear gradient boosting method that han-
dles feature interactions and supports quantile prediction [16].
These algorithms span a range of complexity and generalization ca-
pabilities, providing insights into how model architecture interacts
with the conformal prediction. To ensure well-calibrated models,
we apply hyperparameter optimization via random search [3] with
cross-validation and 100 repetitions on the training set of each run.

5.4 Conformal Prediction Methods and
Non-Conformity Measure Combinations

We evaluate several combinations of conformal prediction methods
and non-conformity measures:
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o Split conformal prediction with both the absolute-score
(Equation 1) and the localized-score (Equation 2).

o Cross-validation+ only with the absolute-score as, it is incompat-
ible with the localized-score.

o Conformalized quantile regression uses its own score, which is
adapted to quantile regressors [29].

We refer to the split conformal method using the absolute score
as split-absolute, and the variant using the localized score as split-
localized. For the split conformal prediction method, we evaluate
five train-test split ratios: 0.25, 0.5, 0.75, 0.9, and 0.95. This allows us
to analyze how the size of the calibration set influences the validity
and efficiency of the predictions and the confidence intervals. In
particular, machine learning algorithms that have no increase in
accuracy with larger training sets size [24] may benefit from allo-
cating more data to calibration. For the auxiliary model ¢ used in
the localized-score, we employ a random forest regressor.

For cross-validaion+, we use three k-fold values: 10, 20 and |d|.
The first is a standard choice of the Python library MAPIE !, the
second tests whether a fixed increase in k improves performance,
and the third generates a leave one out model for every training
value, generating the maximum number of models.

5.5 Metrics

In this section, we present different metrics used to compare dif-
ferent uncertainty quantification methods in terms of accuracy,
correctness, and usefulness, as well as the metrics to assess scalar
prediction accuracy and scalability.

5.5.1 Interval Coverage Rate. We evaluate the accuracy of a uncer-
tainty quantification method using the interval coverage rate (COV),
a key metric for assessing the accuracy of confidence intervals. It
measures the proportion of observed values v that fall within the
predicted intervals I, for each configuration c. We use a validation
set dy,1 which contains all data points not used during training.
Given a nominal coverage level of (1 — a) (e.g., 90 % with a = 0.1),
an accurate method should yield a coverage rate close to this target
on dy,. Overshooting this target (i.e., COV = 0.99) would mean
that the interval is too broad, limiting the usability and information
of the interval. Undershooting this target (i.e., COV = 0.5) would
mean that the interval is too small, giving a false sense of certainty.

Cov(d,1) = I%I Z T{oel}, el 3)
(c,0)ed

5.5.2  Feature-Stratified Coverage. To evaluate the consistency of
uncertainty quantification across different configuration option
values o in the validation set (marginal coverage), we use the feature-
stratified coverage (FSC) metric [1]. In our case, features correspond
to configuration options. Feature-stratified coverage provides a
more granular view than the interval coverage rate by measuring
the worst-case conditional coverage across subsets of the validation
data, ensuring that coverage holds across all option values and
not just on average. To compute the feature-stratified coverage,
the validation set dy,] is partitioned by option values. For binary
options, two subsets are created (0 = 0 and o = 1); for numeric
options, values are binned into five intervals spanning the option’s
range, yielding five subsets. Let d1.4 C dy,) denote the g non-empty

https://mapie.readthedocs.io/en/stable/
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subsets. Interval coverage rate is computed for each, and feature-
stratified coverage is defined as:

FSC(d1.g.1) = min COV(d; 1) (4)
Jj=l.9

A well-calibrated uncertainty quantification method should achieve
a feature-stratified coverage close to the nominal coverage level,
indicating robustness against option-induced uncertainty. It should
be noted that if we look at the results, the evaluation of a subset
dy..g does violate the rule, that the training and evaluation data is
exchangeable. A more detailed analysis is provided in the supple-
mentary material, where we use not only the minimum value but
the coverage value of every subset.

5.5.3 Mean Percentage Interval Width. The metrics COV and FSC
indicate whether the user-specified proportion of measured values
lies within the predicted confidence intervals, thus verifying the
correctness of the intervals. However, they do not account for how
informative the intervals are. For example, for a measured value
v = 6,bothI = [5,7] and I = [0, 15] are treated equally. Given
equivalent coverage, narrower intervals are preferred, as they offer
more precise information about the true value while maintaining
reliability and avoiding underconfidence. Thus we use the mean
percentage interval width (MIW) as a secondary ranking criterion,
calculated over the confidence intervals I for predicted values ¥ on
the validation set:

I -1o)

oI @)

MIW(L Y) = I%I Z

Icel

where I} and I are the upper and lower bounds of the interval for
the predicted value 7, respectively.

5.5.4 Normalized Quantile Range. To assess whether confidence
intervals are sufficiently narrow, we compare the MIW to the nor-
malized quantile range (NQR,,) of the ground-truth measurement
data. For each subject system, NQR,, is computed from the empir-
ical distribution of measured performance values as the central
1 — a-quantile range, normalized by the mean performance value:

Ql—a/Z - Qa/Z

(4]

NQR, = (6)

This metric captures the relative dispersion of the measurement
data independent of the absolute scale of the system. If the MIW is
smaller than NQR ,, we regard the predicted intervals as reasonably
narrow with respect to the inherent variability of the ground truth.

5.5.5 Mean Absolute Percentage Error. To quantify differences in
the scalar prediction accuracy we use the mean absolute percentage
error (MAPE), which quantifies the relative error of point predic-
tions § of configurations and allows for a direct comparison of scalar
prediction accuracy across different approaches. It is commonly
used in the literature (7, 13, 36]:

MAPE(d, ¥ = 120 Z

ld| (co)ed

[0 = Jel
lo|

™

5.5.6  Probabilistic MAPE. To assess how well an approach models
not only a point estimate but also predictive uncertainty, we use the
probabilistic MAPE (pMAPE) [8]. pMAPE generalizes MAPE to prob-
abilistic predictions by replacing the absolute error |y(c)—g(c)| with
the continuous ranked probability score (CRPS) [22]. As Bayesian
methods directly provide predictive distributions, CRPS can be
computed from their posterior predictive densities. For conformal
prediction, which yields confidence intervals instead of predictive
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Figure 4: Interval coverage rate (COV) for split-absolute (left)
and P4 (right) across four sample sizes. Violins summarize
30 runs over all real-world systems; the black line marks the
0.8 target

densities, we approximate a predictive distribution from intervals
at multiple significance levels. We define pMAPE as follows:

100 CRPS(c)
1d| Z

PMAPE(d, ¥,1I) =
(c,0)ed v

, ®

5.5.7 Training and Prediction Time. To assess the computational
scalability of uncertainty quantification methods, we measure the
wall-clock time required for (1) training the model on the training
set and (2) generating predictions with confidence intervals for
all configuration in the validation set. We report the total time in
seconds, which allows for direct comparison of the computational
overhead introduced by different methods.

5.6 Evaluation

All experiments were executed independently on uniform hardware:
an AMD EPYC 7513 (32 cores, 32GB RAM). Experiments involving
DeepPerf used an NVIDIA A100 GPU with 40GB memory.

The evaluation metrics are computed on a dedicated validation
set. This set consists of the complete collection of measured config-
urations, excluding those included in the training set d. Prediction
intervals are generated for error levels () of 0.1 to 0.9 in incre-
ments of 0.1. These are used to approximate the CDF required for
the pMAPE metric.For all other evaluation metrics, @ = 0.2 is used,
as higher error levels produce intervals that are less likely to include
the observed values, diminishing their practical applicability in soft-
ware performance prediction. We computed Cohen’s effect sizes
to compare the baseline with the conformal prediction methods.
For COV and FSC, we determined the absolute error relative to the
target level. Additionally, we applied a Kruskal-Wallis significance
test with Holm correction to assess statistical significance.

6 Results

This section reports the results for both research questions. Ta-
ble 2 summarizes the mean results across all real-world systems,
while the figures highlight selected aspects of these findings. The
complete result set is available in the supplementary material.

6.1 Applicability of Conformal Prediction (RQ;)

We evaluate the applicability of conformal prediction to software
performance modeling (RQ;) along three dimensions: confidence
interval accuracy, consistency across configuration options, and
interval informativeness.

6.1.1  Accuracy of the Confidence Intervals (RQj.1): We first exam-
ine the mean interval coverage rate (COV) for ¢ = 0.2 (Figure 4
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Figure 5: Feature-stratified coverage (FSC) for CV+, split-
localized and CQR across the underlying learning algorithms
for pair-wise sampling. Violins show 30 runs over all real-
world systems; the black line marks the 0.8 target.

left). A reasonable interval coverage rate matches the target level
0.8, which means that 80 % of all measured values are within the
interval. An interval coverage rate higher than 0.8 implies that the
intervals are too broad and thus less informative. By contrast, an
interval coverage rate below 0.8 indicates intervals that are too nar-
row and therefore reflect an overestimation of prediction reliability.
We further report the split ratios and k values yielding coverage
closest to the target: A 0.75 split for the absolute and 0.9 for the
localized non-conformity measure, and k = 10 for cross-validation+.
No significant differences can be observed across different k values
(Kruskal-Wallis: p > 0.11).

Cross-validation+ typically yields confidence intervals that are
too wide, especially with accurate point-estimate models such as
random forests or neural networks (cf. values above 0.8 of CV+ in
row 1 in Table 2). By contrast, split conformal prediction consis-
tently aligns coverage with the target, regardless of the system or
learning algorithm, and performs well with both absolute and lo-
calized non-conformity measures. All methods benefit from larger
training sets: interval coverage converges to the target and vari-
ance across repetitions decreases (Figure 4 left). This effect is most
pronounced between small and medium sample sizes, indicating
that modest data increases interval stability. These results show
that conformal prediction is able to provide reliable confidence in-
tervals even under data constraints typical in configurable software
systems. Split-based methods, in particular, offer robust calibration
and low sensitivity to variation across datasets and learners.

Summarizing, conformal prediction is feasible for post-hoc un-
certainty quantification in software performance modeling: It
achieves near-target interval coverage (COV = 0.8) even with
small datasets, which was unclear before. Split conformal predic-
tion performs reliably across methods, while cross-validation+
tends to produce overly conservative intervals.

6.1.2 Option-induced Uncertainties (RQ; 2): Feature-stratified cov-
erage indicates how well intervals capture uncertainties of individ-
ual options. It should match interval coverage if option-induced
uncertainties are captured well and be lower if they are not.

Our results show inconsistent improvement with increasing
dataset size. Split-absolute varies across systems, whereas cross-
validation+ varies primarily with the learning method. This is an
interesting result, as it shows how the specifics of the underlying
prediction models yield varying uncertainty quantification accura-
cies for individual options. For instance, the largest deviation can
be observed for Lasso and near-target values with random forests
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Figure 6: Example prediction intervals for four random x264
configurations under pair-wise sampling, comparing con-
formal prediction with random forest to P4. Dots indicate
predicted performance values, and the black line marks the
measured performance.

and DeepPerf (Figure 5 left), indicating that the latter two methods
capture the influence of individual options and possible interactions
better. Split-localized shows a more similar FSC behavior across
learners than cross-validation+ (Figure 5 right), but it remains below
the target level and requires more data to improve. FSC increases
only gradually and more slowly than COV (Table 2).

Capturing option-induced uncertainties consistently is more chal-
lenging than achieving overall coverage. Cross-validation+ per-
forms well for this objective with suitable learners, while split-
localized becomes a competitive choice when sufficient training
data is available.

6.1.3  Informativeness of Confidence Intervals (RQ; 3): To assess
the informativeness of the predicted confidence intervals (RQ1.3),
we analyze the mean percentage interval width (MIW). Since the
amount of inherent uncertainty differs across software systems,
interval widths are not compared directly across systems, but only
within each system. Lower MIW values indicate more informative
intervals, provided that coverage remains close to the target level.
As a reference for reasonable interval width, we compare MIW to
the normalized quantile range (NQR) of the ground truth.

At a sampling size 5n, MIW is smaller than the NQR in 38 of 72
evaluated combinations of system, conformal prediction method,
and learning algorithm, indicating that conformal prediction often
yields reasonably narrow intervals. As an illustration, for x264 at
a sampling size 5n, MIW ranges from 0.10 to 0.20 depending on
the non-conformity measure and learning algorithm, while the
corresponding NQR is 0.19.

Across sampling sizes, absolute-score methods show little im-
provement for Lasso, whereas for random forests, both split con-
formal prediction and cross-validation tend to converge toward
narrower intervals as more data become available. Localized scores
generally yield wider intervals but also show a more consistent nar-
rowing trend across learners. Although cross-validation with Lasso
achieves the smallest MIW (Table 2), its low feature-stratified cov-
erage indicates that these intervals fail to capture option-induced
uncertainty adequately.

Conformal prediction can produce reasonably informative confi-
dence intervals for software performance prediction. The most
promising choices are cross-validation+ with random forests or
DeepPerf, and split-localized conformal prediction, which offers
the most balanced trade-off between narrowness and reliability.
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To summarize, conformal prediction is feasible for software per-
formance modeling, producing accurate confidence intervals even
under data restrictions. Split-localized and cross-validation+ meth-
ods with random forests capture option-specific uncertainties ef-
fectively, though the performance of cross-validation+ is model-
dependent. These two methods yield the most accurate and narrow
confidence intervals.

6.1.4 Discussion. Overall, we found that all conformal prediction
methods are suitable for uncertainty quantification, even when pro-
vided only with small amounts of data. This is an important insight
since the theoretical guaranties rely on the law of large numbers. In
essence, we recommend using between 2n and 5n samples, balanc-
ing accuracy and measurement cost. To put this into perspective,
for larger software systems, a small fraction of the configuration
space (e.g., 7z: < 1% ) already suffices for high quality confidence in-
tervals. Moreover, precise intervals at the level of individual option
values need more measurements to cover uncertainties induced by
the configuration landscape, and this certainly must be covered by
the measurement set.

As a further notable insight, we found that not all methods per-
form equally well. The most robust conformal prediction methods
for the individual metrics are: Split conformal prediction for COV,
split-localized or cross-validation+ with Random Forest or Deep-
Perf for FSC, and split-localized or cross-validation+ for the MIW.
Figure 6 illustrates, for four example configurations of x264, how in-
terval width and adaptivity vary across methods, from the uniform
widths produced by split-absolute to the more adaptive intervals
produced by split-localized. Additionally, split-localized should be
avoided when the measurement budget is very low. If the appli-
cation scenario allows for different prediction models, we know
that certain methods, such as cross-validation+, are sensitive to this
selection, and that depending on the metric of interest, the best
model should be selected.

The reliability of uncertainty estimates varies with the learn-
ing method. A more detailed analysis of Synth. 1 suggests that
low feature-stratified coverage often indicates that the model fails
to capture relevant system behaviors, such as alternating option
groups, rather than merely reflecting data sparsity or injected uncer-
tainty; the corresponding analysis is included in the supplementary
material. This suggests that conformal prediction may serve as a di-
agnostic tool to assess model adequacy. This opens future research
to exploit this property: With the model-agnostic nature of confor-
mal prediction, it may be possible to guide model selection based
on system characteristics, providing developers with a practical
tool for choosing the optimal prediction model.

6.2 Comparison with Alternative Appr. (RQ5)

We next compare conformal prediction with P4 and conformalized
quantile regression (CQR); for CQR, only the better-performing
LGBM model is shown in Table 2. In addition to the correctness
and informativeness of the predicted confidence intervals, this com-
parison considers scalar prediction accuracy, probabilistic accuracy,
and computational efficiency.

6.2.1 Uncertainty Quantification: Comparing the methods, all sys-
tems exhibit a larger gap between the interval coverage rate and the
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Table 2: Mean-aggregated metrics across all runs and real-world software systems. Best values per sample size marked in blue.

Cross-validations+

Split absolute

Split localized CQR

Lasso RF DP Lasso RF

DP Lasso RF DP LGBM P4

In 2n 5n In 2n 5n In 2n 5n In 2n 5n 1In 2n 5n In 2n 5n In 2n 5n In 2n 5n In 2n 5n 1In 2n 5n In 2n 5n

COV  0.80 0.80 0.80 0.90 0.91 0.91 0.84 0.88 0.89 0.80 0.80 0.80 0.80 0.80 0.80 0.80 0.80 0.80 0.80 0.79 0.80 0.80 0.80 0.80 0.79 0.80 0.80 0.84 0.85 0.82 0.97 0.98 0.99
FSC 0.51 0.51 0.51 0.73 0.77 0.78 0.62 0.72 0.76 0.51 0.50 0.50 0.54 0.55 0.57 0.53 0.56 0.58 0.54 0.52 0.55 0.54 0.55 0.60 0.54 0.57 0.59 0.66 0.69 0.66 0.90 0.92 0.93
MIW  0.41 0.39 0.39 0.56 0.52 0.49 0.51 0.50 0.46 0.52 0.43 0.41 0.62 0.52 0.46 0.61 0.51 0.59 0.95 0.56 0.48 1.05 0.72 0.61 1.00 0.85 0.69 0.73 0.54 0.51 1.97 2.11 1.61
MAPE 0.21 0.22 0.22 0.16 0.15 0.13 0.18 0.16 0.13 0.22 0.22 0.21 0.21 0.19 0.15 0.23 0.19 0.17 0.24 0.23 0.20 0.25 0.23 0.18 0.37 0.22 0.16 0.18 0.15 0.13 0.30 0.32 0.32
PMAPE 0.13 0.14 0.14 0.08 0.06 0.04 0.10 0.08 0.06 0.14 0.14 0.13 0.13 0.12 0.09 0.14 0.12 0.11 0.15 0.15 0.13 0.16 0.14 0.12 0.29 0.14 0.11 0.10 0.07 0.06 0.19 0.20 0.20

Table 3: Effect sizes by metric for CV+ with Random Forest
compared to the P4 baseline and CQR with LGBM. For COV
and FSC, effect sizes are based on the error relative to the
target level. Positive values indicate improvement over the
alternative approach. Underlined means not significant.

P4 7z ApacHE HSQLDB LRZIP NgINx PosTGRESQL VP8 X264
cov 1.06 1.52 1.70 1.52 1.75 1.76 2.22 1.61
FsC -0.66 0.97 1.44 -1.04 0.21 1.54 0.66 1.89
MAPE 3.08 4.36 5.84 2.73 6.84 1.64 3.30 4.99
PMAPE 4.48 5.89 5.10 3.19 7.96 2.66 3.97 6.94
MIW 3.79 5.66 7.58 3.07 6.45 3.28 0.36 9.40
CQR 7z ApacHE HSQLDB LRZIP NgINX PosTGRESQL VP8 X264
cov -0.65 -0.30 -0.20 -0.47 -0.18 -0.30 -0.17 -0.73
FSC 0.58 0.37 0.38 0.25 0.25 0.43 0.51 0.28
MAPE -0.38 -0.39 0.19 0.13 0.69 0.45 -0.01 -0.12
PMAPE 0.56 0.53 0.43 0.94 1.15 1.13 0.53 0.78
MIW 0.08 0.06 0.59 0.07 0.20 0.43 0.17 0.27

target level under P4, with values approaching the upper limit of 1
(Figure 4 right and Table 2). Only LrzIP and 7Z meet the target for
feature-stratified coverage; for all other systems, P4 yields values
close to 1 with no variation as the dataset size increases. The mean
interval width of P4 consistently exceeds that of the conformal pre-
diction methods for all systems, up to ten times the predicted value.
These large intervals result in the overestimation reflected by the
interval coverage rate. No reduction in interval width is observed
with increasing dataset size. The quantile-based approach has in-
terval coverage and feature-stratified coverage closer to the target
level than P4 (2). Its interval width is comparable to that of the other
conformal prediction methods. Although it is not the best method
for any metric, it is also never the worst (5, 2). To support these
observations, Table 3 reports the effect sizes of the best-performing
method (cross-validation+) relative to P4 and CQR, where 0.1, 0.3,
and 0.5 denote small, medium, and large effects, following Cohen’s
conventions. Relative to P4, we observe very large positive effect
sizes for mean interval width across all systems, indicating that
conformal prediction yields substantially tighter intervals. Cover-
age metrics (COV and FSC) also show improved reliability for all
but two systems (7z and LRZIP), where FSC performs worse than
the baseline. All effect sizes are statistically significant based on a
Kruskal-Wallis test with Holm correction. In comparison to CQR,
the pattern is more varied. Cross-validation+ shows positive effect
sizes for FSC and MIW, but not for COV. The effect sizes also range
from small to large, depending on the metric. P-values and effect
sizes for all methods are available in the supplement.

Overall, conformal prediction provides tighter and better-
calibrated confidence intervals than P4. P4 consistently over-
estimates uncertainty, with interval coverage far exceeding the
target and no improvement as dataset size increases. The CQR
method yields uncertainty quantification performance intermedi-
ate between the scalar-based conformal prediction methods.

6.2.2 Prediction Accuracy: Regarding prediction accuracy, Cross-
validation+ achieves the lowest MAPE, whereas P4 shows the
highest, except for the split-localized method under sparse data.
Split-based conformal methods perform slightly worse than cross-
validation+. Among learning models, Lasso yields the second high-
est MAPE after the P4, showing minimal improvement. By contrast,
random forest and DeepPerf achieve up to 68 % lower errors and
benefit from larger datasets. P4 exhibits the opposite trend—MAPE
increases with more data. The quantile-based methods with the
linear quantile algorithm performed comparably to the split-based
method with Lasso, while those with the LGBM algorithm per-
formed only marginally worse than cross-validation+ with random
forest, and in some software systems even produced better results.

While pMAPE values are closer to zero, their trends closely
follow MAPE, with minor differences across learning methods
within each scalar-based conformal prediction approach. For cross-
validation+, pMAPE favors random forest over DeepPerf. The com-
parison with P4 remains consistent—P4 yields higher (worse) pMAPE
than conformal prediction in nearly all cases. Compared with the
other conformal prediction methods, CQR shows slightly worse
PMAPE relative to MAPE. Statistically, P4 performs worse than
cross-validation+ with random forest across all systems, as indi-
cated by the positive effect sizes in Table 3. Although CQR achieves
a better MAPE for four systems, two of which are significant, it
shows significantly worse pMAPE for all systems.

In summary, cross-validation+ with random forest achieves the
lowest MAPE in most cases, and the lowest pMAPE in all cases,
indicating superior point and probabilistic prediction accuracy. P4
shows the higher errors, worsening with more data. Conformal
methods consistently outperform P4, particularly when using
complex learners.

6.2.3  Scalability: Figure 7 presents training and prediction times
for P4, CQR with LGBM and conformal methods using random
forest as underlying model, evaluated on three dataset sizes.

All conformal prediction methods train in under 0.5 seconds,
with sub-linear growth for random forest (linear growth for Lasso).
In contrast, P4 is over ten times slower and exhibits steep growth
as the training set size increases.
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Figure 7: Training time (left) and prediction time per con-
figuration (right) for conformal prediction (random forest),
CQR (LGBM) and P4 across training set sizes n, 2n, and 5n.

For prediction time of 25,000 configurations, the split method,
CQR and P4 show nearly constant times: 2—-12 seconds for the split
method and around 21 seconds for P4. In comparison, the cross-
validation+ method exhibits linearly increasing prediction time
with larger training sets. In all cases, conformal prediction methods
are strongly influenced by the underlying model.

In summary, the methods differ significantly in scalability for
training and prediction, ranging from constant growth in split
conformal prediction to beyond-linear growth in P4. Since mea-
suring a single configuration typically takes seconds to minutes,
none of the methods, including P4, hinder practical applicability.

6.2.4 Discussion. Our results draw a clear picture: Conformal pre-
diction is generally the better choice, not only due to improved
prediction accuracy (as shown by MAPE) but also due to its ability
to provide meaningful uncertainty estimates. This result, together
with the model-agnostic nature of conformal prediction, suggests
that the selected conformal prediction methods are effective for
uncertainty quantification in performance modeling. The quantile-
based conformal prediction method also shows strong results, but
it never achieves the best performance. This may be because there
is no known underlying model that has been adapted for the per-
formance modeling of configurable software systems.

P4 has two main limitations: It does not improve as more data
become available, and it produces overly wide confidence intervals.
Figure 6 illustrates this for four example configurations of x264,
where P4 yields substantially wider intervals than the conformal
prediction methods. P4’s interval often exceeds the full range of ob-
served training values and, therefore, provides only limited insight.
Since conformal prediction with Lasso also shows no MAPE im-
provement, the first limitation of the P4 method likely stems from
the linear model underlying P4 rather than the Bayesian approach.

6.3 Threats to Validity

6.3.1 Internal Validity. We mitigate threats to internal validity
through several measures. All experiments are repeated 30 times
with random seeds to minimize the influence of initialization effects.
We use randomized hyperparameter search with cross-validation to
ensure optimal configurations for each learning algorithm, thereby
preventing unfair advantages due to suboptimal model settings. We
optimized P4 to avoid biased comparisons in favor of conformal
prediction. Consistent performance across repetitions and evalua-
tion metrics indicates the robustness of our findings and suggests
the absence of setting-specific artifacts. These measures collectively
ensure that the observed effects are attributable to the modeling
techniques rather than experimental artifacts.
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6.3.2 External Validity. Several design choices influence the gen-
eralizability of our findings. Our selection of three representative
learning models spans a range of complexity and approximation
capabilities (from simple and interpretable to state-of-the-art per-
formance) and reflects practical modeling choices in software per-
formance prediction. Our subject systems cover several applica-
tion domains, much like in prior work [7, 15, 37]. To explore high-
dimensional settings, we include two synthetic systems with uncer-
tainty based on the largest measurement error in the real systems.
For conformal prediction, we evaluate three combinations of tech-
niques and non-conformity measures, chosen for their practical
relevance and coverage of key dimensions in the design space. We
restrict the comparison to only CQR as an interval-based method
and consider two underlying learning models for it. While these
combinations demonstrate applicability and superiority over P4,
one cannot conclude that the optimal combination has been identi-
fied; this, however, is not our objective.

7 Conclusion

Uncertainty quantification is essential in performance prediction
for software systems, where scalar point estimates alone fail to
reflect the risk of extreme or unstable behavior, particularly under
complex option interactions. Confidence intervals provide a way
to express prediction reliability, enabling more informed system
tuning and decision-making in real-world environments.

In this work, we propose conformal prediction as a model-agnostic
alternative to the Bayesian P4 method, addressing its limitations,
such as reliance on prior distributions and restricted model compati-
bility. Conformal prediction augments any machine learning model
with statistically valid uncertainty estimates without altering the
base prediction mechanism. We evaluate its feasibility and merits
through an extensive empirical study across ten configurable soft-
ware systems, using multiple machine learning models, data sizes,
conformal prediction methods, and non-conformity measures. We
compare conformal prediction against the state of the art (P4) using
standard metrics for uncertainty quantification, prediction accuracy,
and scalability. Our results show that split conformal prediction
with a localized non-conformity measure delivers tight and accu-
rate confidence intervals. This is comparable to cross-validation+,
paired with robust learners such as random forest or DeepPerf.
Conformal prediction intervals are narrower and more reliable and
benefit from larger datasets, and split conformal prediction achieved
faster runtimes. Notably, while P4 produced overly broad intervals,
often exceeding the full range of observed values, it fails to improve
with additional data. Conformal prediction yields meaningful, data-
efficient uncertainty estimates. Its model-agnostic nature allows
seamless integration into existing performance modeling pipelines,
making it a versatile tool for practitioners.
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