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Modern software usually exposes a large number of configuration options to the user, giving rise to enormous
configuration spaces in practice. Appropriate choices for these options dramatically influence the performance
of the software (throughput, memory consumption, execution time, etc.). However, due to the sheer size of
the configuration space, systematically identifying the worst- or best-performing configurations is computa-
tionally infeasible through exhaustive exploration. Instead, practitioners rely on budgeted sampling strategies,
such as uniform random sampling or statistical recursive search, to explore the configuration space under
fixed measurement budgets in an attempt to find the worst- or best-performing configuration. Even worse, a
fundamental limitation of existing sampling strategies is the lack of quantifiable guarantees that the selected
configuration truly reflects worst-case (or best-case) performance. In this paper, we define the basic concepts
of posterior risk and posterior confidence and present a probabilistic framework to evaluate how well sampling
strategies identify the worst- or best-performing configuration of a software system. We evaluate our frame-
work by comparing five representative sampling strategies on seven real-world configurable software systems.
We find that statistical recursive search yields consistently tighter best-case guarantees—higher posterior
confidence and lower posterior risk—than the alternatives at the same budget. Our results demonstrate the
applicability of our framework as a principled basis for reporting, comparing, and refining sampling strategies,
and as a tool for practitioners to select strategies and budgets with quantified guarantees across systems and
sample sizes.
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1 Introduction
Modern configurable software systems expose large numbers of configuration options that may
substantially influence the systems’ performance, such as execution time, throughput, or resource
consumption [15, 62]. In practice, however, it is not only the performance of individual configura-
tions that matters, but also the performance characteristics across some or all configurations, in
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particular the worst-case and best-case behavior. To ensure that performance requirements are
met for the whole configuration space, it is crucial to identify reliable worst-case and best-case
performance bounds. For instance, safety-critical systems often require guarantees on worst-case
execution times to ensure timely responses [64], while cloud-based services may seek best-case
throughput bounds to optimize resource utilization and cost efficiency [33]. Exhaustive performance
measurement to determine bounds is prohibitive in practice even for moderately sized systems [2, 3],
as the space of valid configurations grows exponentially with the number of configuration options.
Consequently, engineers rely on sampling a limited set of configurations and use the observed
worst-case or best-case performance (or statistical estimates thereof) as proxies for the system’s
true performance bounds [10, 50, 51]. However, such sample-based bounds may be violated by
unseen configurations [10, 15, 31, 51], raising a fundamental question: How reliable are performance
bounds obtained from a finite sample?
Answering this question is non-trivial because existing sampling strategies do not provide ex-

plicit guarantees or statistical approximations about their ability to capture the true worst-case
or best-case performance bounds of the system. A key reason is that existing sampling strategies
have been developed with different objectives in mind, such as uniform random sampling [22, 28],
coverage-based sampling [34, 39], solver-based approaches [65, 66], and learning-guided or adaptive
strategies [7, 56]. Furthermore, they are typically evaluated empirically based on performance
values or their utility for downstream tasks such as performance modeling or configuration op-
timization [5]. Hence, with the absence of explicit guarantees on the ability to capture the true
worst-case or best-case performance bound, there is no systematic way to quantify the probability
that an unseen configuration performs worse than the worst-case configuration observed in the sample,
nor to compare different sampling strategies systematically with respect to such guarantees. As a
result, practitioners may observe identical worst-case performance bounds from different sampling
strategies while facing substantially different and unknown levels of risk.
To reason rigorously about sampled performance bounds, two probabilistic dimensions are

essential: (1) the risk level, that is the probability that the true performance bound lies outside
the performance bound observed in the sample and (2) the confidence level, that is the probability
that the risk estimate reflects the true risk associated with the observed bound. Considering either
dimension in isolation is insufficient: a low risk estimate without sufficient confidence may be
unreliable, while high confidence in a weak risk estimate offers little practical value. Despite their
central role in performance-related decision making, these dimensions are largely absent from the
evaluation and comparison of sampling strategies for configurable software systems [5, 7, 50]. This
gap motivates our endeavour for devising a novel probabilistic framework that makes the risk and
confidence of sampled worst-case and best-case performance bounds explicit and quantifiable.

We build on an established theory from constrained optimization: Scenario theory [6, 37] provides
a priori probabilistic guarantees for optimization problems under uncertainty based on finite samples.
In our setting, each measured configuration–performance pair can be interpreted as a constraint
instance in an optimization problem whose goal is to identify a configuration achieving an extreme
(worst- or best-case) performance bound. Scenario theory is able to bound the risk that sampled
performance bounds are violated by unseen configurations, together with an associated confidence
level [37]. However, these guarantees hinge on strong assumptions, most notably, uniform random
sampling from the configuration space, that are, by design, rarely met by practical sampling
strategies for configurable software systems [22, 54]. In fact, coverage-based, solver-based, and
adaptive sampling strategies intentionally bias the selection of configurations to achieve specific
objectives (e.g., covering all pairs of configuration options), thereby violating the assumptions
required for scenario-theoretic guarantees. Consequently, existing a priori guarantees cannot assess
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the reliability of performance bounds produced by these widely used sampling strategies, leaving a
gap between available theory and practical application.
To bridge this gap, we propose the notions of posterior risk and posterior confidence for per-

formance bounds obtained from finite samples in configurable software systems. In contrast to
scenario-theoretic a priori guarantees, these posterior guarantees are computed with respect to a
known reference (e.g., ground truth or fixed baseline) and quantify how well an observed worst-
or best-case performance bound approximates the corresponding true bound of the configuration
space. Posterior risk captures the fraction of configurations that violate the observed performance
bound. Posterior confidence quantifies how consistently this risk recurs across repeated samples of
the same size. Crucially, these measures make no assumptions about how the sample was generated
and therefore apply to arbitrary sampling strategies. This posterior perspective enables, for the first
time, a principled assessment of the probabilistic guarantees offered by non-uniform and adaptive
sampling methods. Importantly, the framework is not restricted to deterministic measurements or
fully known configuration spaces as we demonstrate in Section 5.4.
We instantiate these concepts in a probabilistic framework that relates posterior risk and pos-

terior confidence to the a priori guarantees known from scenario theory, thereby enabling direct
comparison between practical sampling strategies and theoretical baselines. To demonstrate the
expressiveness and practical relevance of this framework, we evaluate it on multiple real-world
configurable software systems using representative sampling strategies from different categories.
Note that, rather than aiming to identify a universally superior sampling strategy, our evaluation
illustrates how posterior guarantees can vary substantially across strategies, systems, and sample
sizes, even when strategies are designed for similar objectives. Our results highlight that sampling
strategies commonly used in practice differ significantly in the level of reliability they provide,
and that such differences become particularly pronounced when only limited sample budgets are
available. These findings are not intended to generalize to all existing or even future sampling
strategies (there are more data on eight further sampling strategies in the supplementary material,
but a complete account is out of scope), but rather to demonstrate how the proposed framework
empowers researchers and practitioners to gather reliability-oriented insights that remain inacces-
sible to traditional performance-based evaluations and can inform the evaluation, selection, and
development of sampling strategies. In summary, we make the following contributions:

(i) We introduce posterior risk and posterior confidence as novel probabilistic measures that
quantify the reliability of worst-case and best-case performance bounds derived from finite
sample sets in configurable software systems.

(ii) We formalize the problem for the first time within a general probabilistic framework that
enables the assessment of such posterior guarantees for arbitrary sampling strategies, re-
lates them to scenario-theoretic a priori guarantees, and extends to stochastic performance
measurements and incomplete configuration spaces.

(iii) We showcase our probabilistic framework’s capability of providing valuable insights for select-
ing and evaluating sampling strategies by means of an empirical study on seven configurable
software systems and five representative sampling strategies.

(iv) We support reproducibility by providing all data, code and extended results, including addi-
tional sampling strategies and per-system results, as supplement (see Section 7).

2 Background and Related Work
In many configurable software systems, the configuration space is large, rendering exhaustive
measurements impractical [39]. Two principal approaches are used to determine configurations
with extreme (i.e., worst-case or best-case) performance: model learning [13–15, 18, 56, 58, 59] and
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search-based optimization [16, 20, 25, 48, 49, 57, 60]. Both rely on an effective strategy of sampling
the configuration space. Given that performance is an emergent property that highly depends
on configuration decisions, a wide variety of sampling strategies have been developed for this
purpose—each with its own set of strengths and weaknesses, which we discuss in Section 2.1.
To determine the configuration that exhibits the worst-case (or best-case) performance, the state
of the art follows procedures that consists of three distinct steps: sampling, model learning, and
search-based optimization, whereby sampling is the foundation of the other two and therefore in
the focus of interest. More generally, identifying configurations with extreme performance can be
framed as an optimization problem. Such optimization problems involving complex, interdependent
constraints have been extensively explored in prior work. In particular, scenario theory provides a
robust framework for addressing them [6, 37], as detailed in Section 2.4.

2.1 Sampling Strategies
Sampling is the process of creating a sample set S as a subset of the valid configurationsV , S ⊆ V
for a given configurable software system. A sampling strategy 𝜏 selects configurations from V
according to a given algorithm, such that 𝜏 (V) = S. In the following, we review different classes
of sampling strategies that can be used to find configurations with worst-case performance.

Uniform Random Sampling. Random sampling strategies attempt to uniformly sample the
configuration space. That is, the probability of selecting a configuration c shall be the same for
all valid configurations: Pr (c ∈ V) = 1/|V |. Ensuring uniform randomness is highly non-trivial
in practice [21]. Enumerating all configurations and selecting from them according to a uniform
distribution is usually intractable [45]. Just randomly selecting configuration options often yields
invalid configurations, since constraints among configuration options often drastically restrict
valid combinations [23]. As a consequence, different strategies have been proposed to circumvent
these scaling and validating issues [2, 22, 28]. Most notably, Oh et al. [45] proposed to use counting
binary decision diagrams to transfer the constraints of a configurable software system into a tree
representation, which can be used to enumerate vast configuration spaces.

Solver-based Sampling. Several strategies leverage SAT solvers or BDDs for sampling to ensure
the validity of configurations [9, 40, 46]. By encoding configuration options as Boolean variables
and expressing constraints as propositional formulas, SAT solvers can produce valid assignments to
these variables, though not necessarily uniformly distributed. To improve diversity, Henard et al. [20]
proposed shuffling literals and variables in the formula for each SAT solver invocation. UniGen [61]
and QuickSampler [9] both strive for a compromise on sampling efficiency and uniformity. However,
empirical analyses have shown that solver-based sampling strategies often struggle to achieve
true uniformity [54]. Newer approaches use #SAT solvers to count valid configurations, enabling
uniform sampling over subspaces via a divide-and-conquer strategy [40].

Coverage-based Sampling. The idea of coverage-based sampling is to select samples according
to a given coverage criterion, for example, such as that all pair-wise combinations of options must
be selected in, at least, one configuration in the sample set. There are numerous coverage-based
sampling strategies, including option-wise, negative option-wise, and 𝑡-wise sampling [4, 24, 34,
36, 39, 59]. In the same vein, other scientific disciplines have proposed various coverage-based
sampling strategies, such as Plackett-Burman design [53], Latin hypercube sampling [55], response
surface designs [32], and more. In practice, 𝑡-wise sampling, where 𝑡 represents the degree of option
combinations one wants to obtain in the sample set, is often used with 𝑡 = 2 [27, 38, 47, 52, 59].
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Distance-based Sampling. Distance-based sampling uses a distance metric across the configura-
tion space such that configurations can be classified according to their distance from one another
(or with respect to a reference configuration). A sampling strategy can then diversify the set
of sampled configurations based on the distance between them. Two strategies, by Kaltenecker
et al. [30] and Xiang et al. [65], use internally a solver to obtain valid configurations, but supply
an additional distance value as a constraint to the solver to obtain more diverse results. Xiang et
al. [66] randomize the probability of selecting an option and encode that into a distance metric that
divides the configuration space into parts with similar numbers of selected configuration options.
Kaltenecker et al. [30] specify the number of selected options as the distance to an origin point.
Then, they uniformly sample configurations across all valid distances using an SMT solver. Spectral
learning has been proposed to compute a sample set by recursively dividing the configuration
space based on the distance of each configuration to a virtual principal component [42].

Sequential Learning and Sampling. There are hybrid sampling strategies that combine search-
based exploration of the configuration space with a statistical or learning-based evaluation of the
configurations they have seen so far. Most prominently, Oh et al. [44, 45] proposed an iterative
strategy in which random samples are analyzed to determine which options statistically significantly
improve or degrade performance with the goal of determining influential options. Influential options
are bound (selected or deselected) such that the configuration space gradually shrinks, and the
sampling procedure recurses on the shrunk spaces until no influential options are found. In the
same vein, Nair et al. [43] build a performance model in multiple iterations. The idea is to compute
an acquisition function over performance predictions of unseen configurations and to sample those
configurations that are predicted to have the best performance.

2.2 Model Learning
Learning approaches heavily rely on a sample set, but not to use the sampled configurations for
choosing which to run in practice, but to train a model that allows for predicting performance of
all remaining configurations. Different learning approaches—from linear regression [13, 59] and
classification and regression trees [14, 15, 56] to neural networks [12, 18, 58]—have been applied
with varying prediction accuracies depending on the sample set used for learning [29, 50, 51].
Interestingly, Sarkar et al. [56] use a combination of sampling and learning. In each iteration, they
sample one or more configurations, based on which they build a model and quantify the model
error. The key is that, for an increasing number of iterations, the error reduces in a predictable
way, which allows them to estimate the number of iterations required to reach a certain prediction
accuracy. Recent strategies utilize the sparsity of the sample set by training multiple local models
either via Fourier transformation [19] or ensemble methods [11]. An alternative approach proposed
by Nair et al. is to estimate the rank of a configuration with respect to their performance, instead
of an actual performance estimate [41].
Most related to our work are learning approaches that provide a confidence about their perfor-

mance predictions. Dorn et al. [7] use Bayesian modeling to learn a probability distribution over
the influences of each configuration option (and interaction), from which they sample to predict a
configuration’s performance distribution. That is, rather than having a scalar value that estimates
the performance of a given configuration, they provide a probability density distribution of perfor-
mance values. A similar approach uses Bayesian neural networks for learning uncertainty-aware
models [17]. But, while these approaches have in common that they make estimates about individ-
ual configurations, they cannot be used on their own to make statements regarding performance
bounds and corresponding confidence measures.
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2.3 Searching
Search-based approaches aim at finding optimal configurations given certain constraints. Most
approaches rely on meta-heuristics, such as evolutionary [48] and genetic algorithms [60], particle
swarm optimization [1], prompting LLMs [62], or multi-objective optimization [16, 20, 49] such
as IBEA [25] and NSGA-II [57]. Since many configurations have to be assessed regarding their
performance in the process, these approaches rely on surrogate models (e.g., obtained using model-
based techniques) [25]. By design, meta-heuristic search algorithms do not provide guarantees of
global optimality [35].

2.4 Scenario Theory
The scenario theory (or scenario approach) [6] provides a principled method for reasoning about
optimization problems that have large (and possibly infinite) sets of constraints. Let Ω denote the
full set of constraint parameters. Each𝜔𝑖 ∈ Ω defines a constraint through a function𝑔 : X×Ω → R,
where the decision variable 𝑥 must satisfy 𝑔𝑖 (𝑥,𝜔𝑖 ) ≤ 0. When Ω is large or infinite, solving the
original problem directly is generally intractable. Scenario theory renders such problems tractable
by selecting a finite subset of 𝑁 constraint parameters {𝜔1, 𝜔2, ..., 𝜔𝑁 } ⊆ Ω sampled randomly
from Ω. The resulting scenario-based problem is

𝑥∗ = argmax𝑥∈X 𝑓 (𝑥),
subject to 𝑔𝑖 (𝑥, 𝜔𝑖 ) ≤ 0, ∀𝜔𝑖 ∈ {𝜔1, 𝜔2, ..., 𝜔𝑁 } . (1)

In this formulation, 𝑥 ∈ X ⊆ R𝑝 denotes a 𝑝-dimensional decision variable, where X is the set of
admissible values and 𝑓 : X → R is the objective function to be optimized (in this case, maximized).
The solution 𝑥∗ denotes the optimizer of the scenario-based problem, that is, the decision variable
maximizing 𝑓 while satisfying all constraints in {𝜔1, 𝜔2, ..., 𝜔𝑁 }.
By using a finite number of randomly sampled constraints, scenario theory finds a solution 𝑥∗

that is likely near-optimal for the majority of possible scenarios. Moreover, the theory quantifies
the uncertainty introduced by ignoring the non-sampled constraints by estimating the risk 𝜀 that
𝑥∗ violates them and the corresponding confidence 𝛾 in this estimate.

Here, the risk 𝜀 ∈ (0, 1) denotes the probability that 𝑥∗ violates constraints in non-sampled
scenarios—with lower values indicating a smaller chance of non-compliance. The confidence level
𝛾 ∈ (0, 1) quantifies the probabilistic assurance that the calculated value of 𝜀 reflects the true risk
over all constraints. Clearly, the choice of the number of scenarios 𝑁 , risk 𝜀, and confidence 𝛾 are
related to one another—the exact mathematical relationship between these variables depends on
the specific form of the scenario problem. For problems with a convex and compact feasible set,
under certain regularity conditions, this relationship is given by1

𝛾 (𝜀, 𝑁 ) = 1 − (1 − 𝜀)𝑁 . (2)

Scenario theory has found many applications in various fields, including finance and economics.
The practical application of scenario theory is straightforward. As long as it is possible to randomly
sample from the set of alternatives (in our case, software configurations), the notions of risk and
confidence apply directly [37]. However, sampling strategies for configurable systems typically
violate these assumptions, limiting the direct applicability of scenario theoretic guarantees.

2.5 Research Gap
Existing approaches to configuration–performance analysis address complementary aspects of
the problem, yet they do not provide probabilistic guarantees for performance bounds induced by

1With limited reworking, the formula leads to the typical advice for practitioners to choose 𝑁 ≥ log(1−𝛾 )
log(1−𝜀 ) [6].
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arbitrary sample sets [37, 44]. Research in this area has established structural properties of sample
sets, such as coverage, diversity, or approximate uniformity [22, 30, 46], without relating them to
guarantees on extreme performance values. Learning approaches model predictive uncertainty
for individual configurations [7, 17] but do not certify worst-case or best-case bounds over the
full configuration space. Search-based optimization identifies high-performing configurations
but offers no guarantees of global optimality. Scenario theory, by contrast, provides rigorous a
priori guarantees on risk and confidence, but only for solutions obtained from uniformly random
samples [26, 37]. These guarantees do not extend to sampling strategies that intentionally bias
selection, such as coverage-based, solver-based, or adaptive approaches. As a result, for such
strategies, there is currently no probabilistic characterization of how reliable an observed worst-
case or best-case performance bound is with respect to the full configuration space.

3 A Probabilistic Framework
We introduce the notions of a posteriori risk and a posteriori confidence to quantify the reliabil-
ity of identifying the worst-case performing configuration of a configurable software system,
henceforth referred to as performance bound. Note that, without loss of generality, we restrict the
formal development to worst-case performance bounds. The best-case case follows analogously
by reversing the optimization direction and is omitted for clarity. Using scenario theory, we can
directly analyze random sampling, as its assumptions are satisfied (each sample is drawn uniformly
from the set of valid configurations). However, scenario theory is not applicable for alternative
sampling strategies that select configurations not uniformly at random. Therefore, we propose
a probabilistic framework around a posteriori risk and confidence to evaluate the probabilistic
guarantees that sampling strategies offer for estimating worst-case performance bounds—without
requiring uniform randomness. This requires linking the a priori guarantees provided by scenario
theory with the a posteriori information obtained from sampled configuration–performance pairs.
First, we formulate the problem of identifying the configuration that yields the worst-case

performance (i.e., a performance bound) as an optimization problem. In other words, we seek the
configuration 𝑥max = cmax within the valid configuration setV that maximizes the performance
function Π(c), that is, V ∋ cmax = argmaxc∈V Π(c). In this setting, the decision variable c
represents the software configuration, and the objective function Π(c) denotes the measured
performance when the system runs under configuration c. We denote by cmax the true worst-
case configuration over the valid configuration spaceV , and by c∗ the worst-case configuration
identified by the optimization problem, which may have explored only a subset of V . We can then
write

c∗ (S) = argmaxc∈V Π (c),
subject to Π𝑘 (c) ≤ 𝜔𝑖 , ∀𝜔𝑖 ∈ {𝜔1, 𝜔2, . . . , 𝜔𝑁 } . (3)

The constraints 𝜔𝑖 ∈ {𝜔1, 𝜔2, . . . , 𝜔𝑁 } capture all measurements obtained for the sampled con-
figurations (i.e., the software performance under configuration c given specific hardware and
operating conditions). Our goal is to approximate an upper performance bound for the whole valid
configuration space while acknowledging the risk 𝜀 that omitting certain configurations (due to
sampling from the whole space) may be above the bound. This optimization problem is analogous
to the scenario theory problem described in Section 2.4.

In a controlled setting—where the performance of all configurations is known, as in our experi-
ments in Section 4—we can determine the a posteriori risk (i.e., the risk computed from the complete
data set). We define the posterior risk 𝜀 as the empirical probability that a solution fails to meet the
constraints in non-sampled configurations. LetV be the set of valid configurations with |V| = 𝑛,
and let S be a sample set of size 𝑁 from which we identify c∗ as the worst-case configuration. If
we measured the performance of all 𝑛 configurations of a software system, the actual (posterior)
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Fig. 1. Examples of the relation between prior and posterior risk and confidence levels, the confidence

discrepancy (𝜂), and the integrated confidence discrepancy (𝜔) for our running example with sample size

𝑁 = 6.

risk 𝜀 —representing the probability that the solution fails to satisfy the constraints in unseen
scenarios—is given by

𝜀 (S) = 1
𝑛

𝑛∑︁
𝑖=1

[
Π (c𝑖 ) > Π (c∗ (S))

]
. (4)

Example 1 (Risk). Let us consider a config-
urable software system with 𝑛 = 100 configu-
rations, each with a unique performance value
equal to its index in a sorted list of their per-
formance, that is, ∀𝑖 ∈ {1, . . . , 100},Π(c𝑖 ) = 𝑖 .
We would like to estimate the worst-case per-
formance value sampling only 𝑁 = 6 different
configurations. Let us assume that, using uni-
form random sampling, we select the set of con-
figurations S1 = {c2, c15, c38, c40, c74, c99}. The
worst-case performance among the sampled
configurations is Π(c99) = 99, and c∗ (S1) = c99.
The posterior risk, which is the probability that
by sampling another configuration from all
the 100 configurations we would have found
one that is actually worse than our worst case
c99, is 𝜀 (S1) = 1/100∑100

𝑖=1 [Π(c𝑖 ) > Π(c99)] =
1/100∑100

𝑖=1 [𝑖 > 99] = 0.01.

Here, [𝑝] denotes the Iverson bracket, which equals
1 if the proposition 𝑝 is true and 0 otherwise. Note
that Equation (4) computes the posterior risk 𝜀 using
empirical data from all 𝑛 configurations. It relates
the configurations c𝑖 whose performance exceeds
that of c∗ to the total number of configurations.

We can also quantify the posterior confidence level
𝛾 , which is the probability that the posterior risk 𝜀
describes the actual risk in finding a configuration
that lies outside the performance bound. The pos-
terior confidence level 𝛾 is defined as a function of
both the risk 𝜀 and multiple sample sets. We estimate
𝛾 by computing the posterior risk 𝜀 for 𝑘 different
random seeds using the same sample size 𝑁 , which
yields different configuration sets and correspond-
ing worst-case performance values. For a fixed risk
value 𝜀, we can use different random seeds to obtain
a collection {S1, . . . ,S𝑘 } and

𝛾 (𝜀,S1, . . . ,S𝑘 ) =
1
𝑘

𝑘∑︁
𝑖=1

[
𝜀 ≥ 𝜀 (S𝑖 )

]
. (5)

Note, the sample sets used to compute 𝛾 all have size 𝑁 , and 𝜀 itself depends on the sample size.
This measure is inspired by the a priori confidence level 𝛾 from scenario theory.

Both, prior and posterior, confidence levels converge to 1 as the sample size approaches infinity.
For each risk value 𝜀, we can compare the prior confidence 𝛾 and the posterior confidence 𝛾 , and
define a measure termed confidence discrepancy.

Definition 1 (Confidence Discrepancy 𝜂). Given a sample set size 𝑁 and 𝑘 repetitions, the con-
fidence discrepancy is given as 𝜂 = 𝛾 − 𝛾 , i.e., the difference between the priori and posterior
confidence values. A zero confidence discrepancy indicates that the sample sets match the prob-
abilistic guarantees of theoretical random sampling, while positive and negative discrepancies
suggest superior and inferior guarantees, respectively.
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Example 2 (Confidence Level). To illustrate
the the measure of posterior confidence, we
continue Example 1. We repeat the process of
sampling 𝑘 = 5 times, using uniform random
sampling, determining five worst-case perfor-
mance values and configurations, {c∗1, . . . , c∗5}
and computing the respective posterior risk val-
ues 𝜀. Let the maximum values be c∗1 (S1) =
c99, c∗2 (S2) = c73, c∗3 (S3) = c80, c∗4 (S4) = c83,
and c∗5 (S5) = c60. That is, the posterior risk for
the respective sample sets is given by 𝜀 (S1) =
0.01, 𝜀 (S2) = 0.27, 𝜀 (S3) = 0.20, 𝜀 (S4) =
0.17, and 𝜀 (S5) = 0.40. Using this informa-
tion, we can compute the posterior confidence
level of having a specific risk 𝜀 using Equa-
tion (5). For example, when 𝜀 = 0.01, then
𝛾 (0.01,S1, . . . ,S5) = 1/5∑5

𝑖=1 [0.01 ≥ 𝜀 (S𝑖 )] =
1/5 = 0.2.

The measure of confidence discrepancy quantifies
how a sampling strategy’s probabilistic guarantees
for identifying the worst performing configuration
differ from those of a true random strategy. To evalu-
ate the probabilistic guarantees of different sampling
strategies in estimating the performance bound of
a configurable software system, we aggregate the
posterior and prior confidence levels over all possi-
ble risk values (i.e., 0 ≤ 𝜀 ≤ 1) into a single measure
that reflects the probabilistic guarantees for a given
sampling strategy for a given sample set size 𝑁 and
number of repetitions 𝑘 . We aggregate these confi-
dence levels by computing the empirical cumulative
distribution function for the posterior risk 𝜀 obtained
using 𝑘 sample sets. We then calculate the area 𝛼 un-
der the empirical cumulative distribution function
of 𝜀, corresponding to the integrated posterior con-
fidence defined in Equation (5). This area represents
the integrated confidence level for the sample size 𝑁 and 𝑘 repetitions.

𝛼 (S1, . . . ,S𝑘 ) =
∫ 1

0
𝛾 (𝜀,S1, . . . ,S𝑘 ) d𝜀 . (6)

Example 3 (Integrated Confidence Level).
Continuing Example 2, we can compute
the integrated confidence level for the
sample set size 𝑁 = 6. Using our sampled
data, for every 𝜀 ∈ [0.4, 1] the posterior
confidence 𝛾 (𝜀,S1, . . . ,S5) is equal to 1.
We can compute the integrated confidence
level using Equation (6). Computing the
integral

∫ 1
0 𝛾 (𝜀,S1, . . . ,S5) d𝜀, we obtain

𝛼 (S1, . . . ,S5) = 0.79. In comparison, the prior
(integrated) confidence level for the sample set
size 𝑁 = 6 is

∫ 1
0 𝛾 d𝜀 = 0.86.

By comparing the posterior integrated confi-
dence 𝛼 with the prior integrated confidence∫ 1
0 𝛾 (𝜀, 𝑁 ) d𝜀, we are able to assess how a sam-
pling strategy’s probabilistic guarantees vary with
sample size.

Definition 2 (Integrated Confidence Discrepancy
𝜔). Given a sample set size 𝑁 and 𝑘 repetitions, we
define the integrated confidence discrepancy as

𝜔 = 𝛼 (S1, . . . ,S𝑘 ) −
∫ 1
0 𝛾 (𝜀, 𝑁 ) d𝜀

=
∫ 1
0 𝛾 (𝜀,S1, . . . ,S𝑘 ) − 𝛾 (𝜀, 𝑁 ) d𝜀 . (7)

A zero integrated confidence discrepancy indicates
that the sample sets offer probabilistic guarantees comparable to those of a uniform random sample
set; positive values denote better guarantees, while negative values indicate worse guarantees.

In summary, we introduce posterior risk and confidence levels to evaluate the probabilistic
guarantees offered by different sampling strategies in estimating a configurable software system’s
performance bound—without restricting sampling to be uniformly random. Figure 1 illustrates
the relationship between the prior and posterior confidence levels, the confidence discrepancy,
and the integrated confidence discrepancy for the running example at a sample size of 𝑁 = 6. The
leftmost plot shows an example of the relationship between the prior confidence level (orange)
and the posterior confidence level (green) for a sample budget of 𝑁 = 6. The second plot displays
the confidence discrepancy 𝜂, defined as the difference between the green and orange curves
from the first plot, for the same sample budget. The third plot presents the integrated confidence
discrepancy 𝜔 , with the green triangle marking its value for the sample budget used in the first
two plots. The novel measures of confidence discrepancy and integrated confidence discrepancy
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enable us to quantify the probabilistic guarantees of different sampling strategies in identifying the
configuration that yields the worst-case performance for a given metric.

4 Evaluation
To demonstrate the merits of our prababilistic framework, we compare the probabilistic guarantees
that five sampling strategies offer for estimating worst-case performance bounds, leveraging data
from seven real-world configurable software systems. We are particularly interested in how these
guarantees evolve as the sample set size increases (|S| = 𝑁 ). To this end, we compare the a
posteriori risk and confidence levels achieved by the sampling strategies against the a priori risk
and confidence derived from scenario theory, serving as a theoretical baseline.

4.1 ResearchQuestion
Our primary objective is to demonstrate the utility of a posteriori knowledge—specifically, risk
and confidence levels—and to discuss possible insights practitioners and researchers can gain from
evaluating and comparing sampling strategies. Rather than identifying a single best strategy, we
focus on showcasing possible applications of our measures. To this aim, we evaluate our approach
guided by the following overarching research question:

Research Question: To what extent are posterior risk and confidence able to provide actionable
insights for practitioners and researchers in selecting and evaluating sampling strategies to estimate
performance bounds?

To answer this research question, we design two experiments examining how posterior risk and
confidence inform the probabilistic guarantees of sampling strategies.

Experiment 1. Experiment 1 examines whether posterior risk and confidence reveal meaningful
differences between sampling strategies in terms of their probabilistic guarantees for estimating
worst-case performance bounds at a fixed sample set size. This inquiry arises from the observation
that different sampling strategies prioritize distinct goals during configuration selection. For ex-
ample, uniform random sampling aims to evenly spread samples across the configuration space,
whereas distance-based sampling emphasizes maximizing configuration diversity based on a given
distance metric. Although both strategies target representative sampling, their relative efficacy and
stability in ensuring reliable performance guarantees remains unexplored. Thus, we investigate how
their varied assumptions and objectives influence the empirical guarantees they provide, offering
valuable insights into the design and evaluation of sampling methods.

Experiment 2. Experiment 2 investigates whether posterior risk and confidence help assess how the
probabilistic guarantees of different sampling strategies change as the sample size increases. Note
that, some strategies, such as uniform random sampling, support flexible sample set sizes, whereas
others such as 2-wise sampling do not. A fundamental consideration is the trade-off between
reducing the sample set size and preserving its representativeness of the entire configuration space.
This raises the question of how sampling strategies maintain consistent guarantees across different
sample set sizes. Identifying strategies that offer robust guarantees even with smaller sample sizes
would be especially beneficial in practice. These insights can help practitioners select an appropriate
sampling strategy and sample budget tailored to their specific needs.
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Table 1. Subject systems used in our evaluation.

Subject System #Configuration Options |V | 𝑁2-wise Application Domain

7z 44 68 640 600 File archive utility
BerkeleyDB 19 2 560 97 Embedded database
Dune 32 2 304 265 Multigrid solver
Hipacc 55 13 485 843 Image processing
JavaGC 39 193 536 468 Garbage collector
LLVM 12 1 024 56 Compiler infrastructure
Polly 40 60 000 345 Code optimizer

4.2 Subject Systems
We evaluate our framework on seven configurable software systems (see Table 1). The systems
were selected according to three methodological criteria: (1) substantial variability in configuration
space characteristics, including the number of options, constraint structure, and total number
of valid configurations; (2) established use in empirical studies on sampling and performance
prediction [8, 30, 45]; and (3) availability of complete performance measurements for all valid
configurations, which is essential for computing posterior risk with respect to the ground truth.
For each system, V denotes the set of valid configurations as reported in the literature [30].
The selected systems span multiple application domains and exhibit heterogeneous performance
landscapes, ranging from comparatively smooth behavior to highly interaction-driven and irregular
performance effects. This structural diversity allows us to assess how posterior risk and confidence
respond to structurally different configuration spaces and performance landscapes. All performance
measurements are publicly available [30], ensuring full reproducibility and enabling controlled
evaluation against complete ground truth. By relying on well-established benchmark systems with
documented configuration spaces and performance behavior, we strengthen the internal validity of
our analysis while maintaining comparability with existing studies.

4.3 Sampling Strategies
We evaluate five different sampling strategies: uniform random sampling, distance-based sampling,
plain solver sampling, 2-wise sampling, and statistical recursive search2. You can find the imple-
mentation of uniform random sampling and statistical recursive search in our supplement, c.f.,
Section 7. For distance-based and plain solver sampling, we reused the implementation used in
the literature [30]. These strategies represent the categories discussed in Section 2, reflecting their
diverse objectives and theoretical foundations. Without claiming completeness, we provide results
for additional sampling strategies for all subject systems in the supplementary material.

4.4 Results
We conducted two experiments to evaluate our framework’s ability to provide insights into the
probabilistic guarantees of different sampling strategies for estimating performance bounds. In the
following, we present the results of these experiments for five representative sampling strategies
across seven subject systems; the full set (including eight additional sampling strategies) is provided
in the supplement.
Experiment 1. Experiment 1 examines the guarantees that sampling strategies provide for perfor-
mance bound estimation at a fixed sample set size. We use a sample set size equal to the commonly
2We slightly modified the statistical recursive search algorithm so that it continues until the predetermined sample size is
reached, supplementing with random configurations if necessary. This adjustment ensures consistency in sample set size
across all strategies, providing a fair basis for comparison.
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Fig. 2. Confidence level per sampling strategy for subject system 7z: prior (𝛾 , calculated as a function of

𝜀 with 𝑁 = 600) and posterior (𝛾 , calculated as a function of 𝜀 with 𝑁 = 600 and 𝑘 = 100). The posterior
confidence level obtained with uniform random sampling is very similar to the theoretical level guaranteed

by scenario theory. Statistical recursive search improves on the theoretical guarantees for lower values of 𝜀.

used 2-wise sampling size [27, 46, 47, 52, 59] for each system, enabling a direct comparison of its risk
with the other strategies. Using performance measurements for all 𝑛 = |V| configurations of each
system, we compute the posterior risk 𝜀 for each sampling strategy according to Equation (4), using
𝑘 = 100 random seeds. This process yields an empirical probability distribution that represents
the confidence level 𝛾 for performance bound predictions, as defined in Equation (5). We compare
these posterior results to the a priori estimations derived from scenario theory, which correspond
to uniform random sampling.
Figure 2 displays the prior confidence level (𝛾 , orange line) and posterior confidence level (𝛾 ,

shaded areas) for the subject system 7z, up to a 1% risk. As expected, uniform random sampling
(leftmost plot) yields posterior confidence closely aligned with the prior. In contrast, distance-
based and plain solver sampling (second and third plots) exhibit reduced posterior confidence
relative to the prior. Statistical recursive search (fourth plot), however, achieves higher posterior
confidence at lower risk levels and converges to the prior as risk increases. These results indicate
that uniform random sampling provides probabilistic guarantees that align well with the a priori
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Fig. 3. Confidence level of plain solver sampling for

the 7z subject system.

expectations of scenario theory. The proba-
bilistic guarantees of distance-based and plain
solver sampling are consistently lower than
the a priori knowledge, whereas statistical re-
cursive search provides small risk values with
higher confidence and very close to the a pri-
ori confidence for larger risk values. In order
to judge the probabilistic guarantees of plain
solver sampling, we show the confidence level
for the whole risk range in Figure 3. In this case,
the confidence level that plain solver sampling provides converges to the confidence level obtained
using scenario theory for larger risk (at around 15%).

For a more compact visualization, we plot the confidence discrepancy 𝜂 (i.e., the difference between
posterior and prior confidence levels) for each sampling strategy and subject system in Figure 4
(with the first plot being a processed version of the data from Figure 2). This enables an efficient
comparison of confidence discrepancies across sampling strategies. Notably, statistical recursive
search generally outperforms the other strategies by consistently yielding posterior confidence
that exceeds the prior. That is, statistical recursive search offers particularly strong probabilistic
guarantees at very low accepted risk levels across all seven subject systems. Conversely, plain
solver sampling is the least effective, with its posterior confidence falling below the prior level.
An anomaly is observed for LLVM, where all strategies except uniform random sampling perform
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Fig. 4. Confidence discrepancy 𝜂 = 𝛾 −𝛾 across subject systems and sampling strategies. The prior confidence

𝛾 is calculated as a function of 𝜀 with 𝑁 from 2-wise sampling (see Table 1). The posterior confidence 𝛾 is

calculated as a function of 𝜀 with the same 𝑁 and 𝑘 = 100. The 𝜀 value for 2-wise sampling is added to each

plot (no randomness).

well. This may be due to specific characteristics of LLVM, such as the number of configura-
tions and a lack of constraints in its configuration space. Furthermore, for systems such as 7z,
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Fig. 5. Confidence discrepancy 𝜂 = 𝛾 −𝛾 across subject

systems for plain solver sampling. The prior confidence

𝛾 is calculated as a function of 𝜀 with 𝑁 from 2-wise
sampling (see Table 1). The posterior confidence 𝛾 is

calculated as a function of 𝜀 with the same 𝑁 and

𝑘 = 100.

BerkeleyDB, and JavaGC, plain solver sam-
pling fails to achieve small risk values with
a confidence level exceeding 0.5. This implies
that, for these systems, the confidence in per-
formance bound estimates from plain solver
sampling is effectively no better than chance.
To further investigate the performance of plain
solver sampling, we present its confidence dis-
crepancy across all subject systems up to a risk
of 65% (where the posterior risk converged to
the prior risk in every system) in Figure 5. We
see that plain solver sampling is inconsistent in
providing probabilistic guarantees across the
subject systems. For some systems, the confi-
dence discrepancy is above zero for small risk
values whereas for others it is below zero. That inconsistency means that we cannot generalize the
probabilistic guarantees plain solver sampling provides for estimating performance bounds across
subject systems.

Experiment 1: Our findings clearly indicate that the choice of sampling strategy significantly
influences the posterior confidence in estimating performance bounds. Some strategies consis-
tently provide probabilistic guarantees that meet or exceed the scenario theory baseline, while
others exhibit greater sensitivity to the characteristics of the subject system.
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Table 2. Proportional integrated confidence discrepancy improvement
𝜔/𝜔max for different sample set sizes

across subject systems and sampling strategies. Positive values (highlighted in green) indicate that the

sampling strategy provides better probabilistic guarantees than scenario theory for the given sample set size

and subject system. Negative values (highlighted in red) indicate that the sampling strategy provides worse

probabilistic guarantees than scenario theory for the given sample size and system.

Sampling
Strategy

Subject System Sample Set Size

10 50 100 150 200 250 300

Un
ifo

rm
Ra

nd
om

7z -0.155 0.024 0.099 0.067 0.000 0.029 -0.064
BerkeleyDB -0.081 -0.160 -0.158 0.064 0.069 0.040 -0.033
Dune -0.060 -0.000 0.024 0.010 0.107 0.139 0.125
Hipacc -0.001 -0.168 -0.034 -0.091 -0.141 -0.218 -0.189
JavaGC -0.161 0.160 0.116 -0.027 0.018 0.012 0.037
LLVM 0.090 0.153 0.226 0.327 0.375 0.407 0.404
Polly 0.077 0.177 0.036 -0.107 -0.050 -0.077 -0.053

D
ist
an
ce
-B
as
ed

7z 0.316 0.217 -0.228 -0.404 -0.513 -0.509 -0.594
BerkeleyDB -0.138 -0.935 -0.489 0.068 0.027 -0.136 -0.318
Dune 0.886 0.610 0.434 0.331 0.266 0.191 0.092
Hipacc 0.945 0.930 0.867 0.855 0.829 0.810 0.803
JavaGC -0.673 -2.460 -0.063 0.054 0.169 0.089 0.032
LLVM -0.560 0.688 0.859 0.844 0.800 0.758 0.717
Polly -0.794 -1.789 -0.636 -0.399 -0.441 -0.117 -0.015

Pl
ai
n
So
lv
er

7z -7.332 -3.031 -3.748 -5.414 -6.583 -7.469 -8.918
BerkeleyDB -4.116 -2.383 -1.494 -1.330 -1.548 -1.359 -1.353
Dune 0.865 0.737 0.642 0.511 0.452 0.352 0.268
Hipacc 0.918 0.735 0.576 0.542 0.497 0.413 0.350
JavaGC -3.291 -8.455 -6.517 -6.346 -6.011 -5.922 -6.081
LLVM -5.885 -0.436 0.206 0.404 0.577 0.642 0.624
Polly -4.121 -12.508 -24.199 -35.819 -46.640 -57.713 -68.484

St
at
ist
ic
al

Re
cu
rs
iv
e

Se
ar
ch

7z -0.243 0.143 0.068 -0.218 0.028 0.323 0.395
BerkeleyDB -0.023 0.294 0.725 0.765 0.800 0.764 0.775
Dune -0.013 0.211 0.396 0.452 0.440 0.427 0.443
Hipacc -0.186 0.488 0.663 0.768 0.744 0.740 0.718
JavaGC 0.064 0.265 0.444 0.332 0.310 0.445 0.406
LLVM -0.007 0.399 0.478 0.569 0.563 0.505 0.472
Polly 0.008 0.063 0.213 0.194 0.243 0.250 0.197

Experiment 2. Experiment 2 explores how the probabilistic guarantees of sampling strategies
change as the sample set size increases. Figure 2 illustrates the prior and posterior confidence
levels for a sample set size of 𝑁 = 600. Comparing the areas under the prior (orange) and posterior
(colored) curves in Figure 2 reveals insights into the empirical guarantees of the various sampling
strategies at this sample size (cf. Experiment 1).
To systematically analyze this behavior, we consider sample sizes ranging from 𝑁 = 10 to

𝑁 = 300 for each subject system and strategy (except for 2-wise sampling, whose size is fixed by
construction). The integrated confidence discrepancy aggregates deviations over the entire risk
range 𝜀 ∈ [0, 1]. As the sample size increases, differences between sampling strategies increasingly
concentrate at smaller risk values. Since the integral weights the interval uniformly, deviations
confined to narrow low-risk regions contribute only marginally to the overall area. Consequently,
exploring sample sizes substantially larger than 𝑁 = 300 would primarily refine behavior at very
low risk values without materially altering the aggregated assessment. Thus, 𝑁 = 300 suffices to
characterize comparative probabilistic behavior under the proposed measure. For each sample set
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Fig. 6. Integrated confidence discrepancy 𝜔 over all possible risk values 𝜀 ∈ [0, 1] per sampling strategy and

subject system for increasing sample set sizes (the integral is approximated using 10 000 evenly spaced values

of 𝜀). The prior confidence 𝛾 is calculated with as a function of 𝜀. The posterior confidence 𝛾 is calculated as a

function of 𝜀 with 𝑘 = 100.

size, we compute the ratio between the integrated confidence discrepancy 𝜔 and the maximum
possible improvement in confidence 𝜔max, defined as

𝜔max (𝑁 ) = 1 −
∫ 1
0 𝛾 (𝜀, 𝑁 ) d𝜀 . (8)

Since the potential improvement in confidence is bounded by the prior confidence (which increases
with sample size), we report the ratio of integrated confidence discrepancy 𝜔 to 𝜔max in Table 2.
Positive ratios (highlighted in green) indicate that the strategy outperforms the scenario theory
baseline for the given sample size and subject system, reaching a maximum value of 1 if the true
performance bound is always identified. Negative ratios (highlighted in red) suggest that the
strategy underperforms relative to the scenario theory baseline. For a detailed analysis, Figure 6
plots the integrated confidence discrepancy 𝜔 over all risk values (𝜀 ∈ [0, 1]) for sample sizes
𝑁 ∈ [10, 110], per strategy and subject system. Uniform random sampling consistently yields an
integrated confidence discrepancy near zero across all systems and sample sizes (except for LLVM).
This indicates that its probabilistic guarantees closely match the scenario theoretical predictions,
as expected. Distance-based sampling exhibits a fluctuating integrated confidence discrepancy,
rendering it difficult to generalize its probabilistic guarantees across different sample sizes. Even
worse, plain solver sampling displays substantial variation in the integrated confidence discrepancy
across sample sizes and systems. In contrast, statistical recursive search consistently achieves an
integrated confidence discrepancy near zero or positive across all systems and sample sizes.

Experiment 2: Our findings indicate that the sampling strategy impacts probabilistic guarantees,
particularly with small sample sizes. Plain solver sampling is least consistent across varying
sample sizes and systems, whereas statistical recursive search consistently meets or surpasses
the probabilistic guarantees provided by scenario theory.
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5 Discussion
Our evaluation shows that our probabilistic framework around posterior risk and confidence can be
used to effectively assess the probabilistic guarantees offered by different sampling strategies and
enable a comparison with the theoretical baseline by scenario theory. In this section, we discuss
potential threats to validity as well as implications of our results for research and practice.

5.1 Threats to Validity
Our experiments face internal validity threats, particularly regarding the chosen sample size and the
number of repetitions for each sampling strategy. We addressed these issues through a sensitivity
analysis of these factors. For most subject systems, we limited our sample size to 𝑁 = 300, at which
point most sampling strategies yielded consistent results. The exception is plain solver sampling,
which required further exploration to understand its asymptotic behavior—a topic we discuss
further in Section 5.2. We set a high repetition count (𝑘 = 100) to ensure statistical significance and
robustness, noticing no additional benefit from increasing 𝑘 further. The close agreement between
uniform random sampling and the theoretical bounds of scenario theory for most systems and
sample sizes suggests sufficient internal validity.
The external validity of our experiments may be limited by our choice of systems. We selected

seven systems commonly referenced in previous work, which proved adequate for comparing
sampling strategies and affirming the applicability of scenario theory in this context. Although
our selection of sampling strategies represents a subset of all possible methods, it is nonetheless
sufficient to reveal significant differences among them and thus to demonstrate that our probabilistic
framework around posterior risk and confidence is able to effectively assess and compare their
probabilistic guarantees. While for conciseness we concentrated on five representative sampling
strategies in the paper, we provide results for additional strategies in the supplement to provide
further evidence for external validity, without claiming completeness, though; these additional
results are consistent with the trends reported here.

5.2 Implications for Research
Over time, researchers have developed various sampling strategies for different purposes, such
as performance prediction, optimization, testing, and modeling (see Section 2). These strategies
vary significantly and are often tailored to specific use cases. For example, plain solver sampling is
typically applied in highly constrained configuration spaces where uniform sampling is impractical,
whereas uniform sampling is common in performance testing when little is known about the
configuration space. By our two experiments, we have shown two applications of our framework:
(1) comparing sampling strategies for the risk and confidence of performance bounds at certain
sample sizes and (2) analyzing the convergence of posterior risk and confidence for increasing
sample sizes. Our experiments confirm that the choice of sampling strategy significantly influences
the reliability and risk of performance estimates.

Let us illustrate how powerful our probabilistic framework is for researchers by the example of
Polly and the comparison of the risk and confidence levels of plain solver sampling and statistical
recursive search. Here, we increased the sample size for both plain solver sampling and statistical
recursive search to 𝑁 = 2100 to analyze if their confidence and risk levels would approach
the a priori expectations. The analysis in Figure 7 shows that, even at 𝑁 = 2100, plain solver
sampling’s confidence and risk remain significantly below the scenario theoretical baseline (with
𝜔 staying negative). A detailed examination across sample sizes—from as small as 𝑁 = 15 up to
𝑁 = 2000—reveals that plain solver sampling yields notably lower confidence levels for low risk
values compared to random sampling or statistical recursive search. This comparison allows us to
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Fig. 7. Integrated confidence discrepancy 𝜔 of plain solver sampling and statistical recursive search for Polly.

With two lenses (dark red rounded boxes), we show the confidence and risk for small sample sizes and their

convergence for large sample sizes.

make clear statements and showcase the ability of our framework to provide insights for research:
First, plain solver sampling cannot reliably provide probabilistic guarantees on performance bounds
of this system even at very large sampling sizes, and possibly for other systems with similar
characteristics. Second, statistical recursive search consistently achieves confidence and risk levels
that match or exceed the a priori predictions even with very small sample sizes. In general, our
probabilistic framework offers a rigorous method for developing and testing new sampling strategies
for performance bound assessment. It can serve as a guiding measure and optimization criterion
for researchers to develop new sampling strategies that provide reliable performance bounds with
high confidence.

5.3 Implications for Practice
Practitioners often face the challenge of selecting a sampling strategy based on criteria such as the
reliability and accuracy of performance estimates, the risk and confidence associated with estimated
performance bounds, and the need to cover interacting configuration options for functional testing.
Specialized strategies such as statistical recursive search may outperform random sampling by
providing stronger probabilistic guarantees; however, they might be less effective when the goal
is to learn a performance model that reliably estimates the performance of any configuration.
When non-functional and functional testing are intertwined within a continuous integration

0 0.01 0.02 0.03
0

0.5

1

Risk (𝜀)

𝛾

𝑁 = 15 𝑁 = 100 𝑁 = 500 𝑁 = 1000

Fig. 8. Prior confidence level and risk for different sam-

ple budgets. A predefined risk of 0.01 and confidence

level of 0.99 is marked with an orange cross.

process, diversified sampling approaches—such
as distance-based sampling—may prove more
suitable. Thus, practitioners require a frame-
work that enables them to carefully analyze the
characteristics and assumptions of each strat-
egy to select the most appropriate one, espe-
cially when managing low risk values that sig-
nificantly influence confidence levels in prac-
tice. If practitioners are interested in quantify-
ing the risk and confidence associated with a
performance bound, they can use our frame-
work to calculate the required sample budget for a desired risk and confidence level. For instance,
when using random sampling, one can apply Equation (2) (with minimal adjustments) to calculate
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the number of samples needed to achieve a target risk and confidence—independently of the system
under test. Concretely, suppose we aim for a risk of 0.01 and a confidence level of 𝛾 = 0.99 that
system performance will not exceed a certain threshold. Using Equation (2), we can calculate that,
at least, 𝑁 ≥ 458.21 samples are required. Figure 8 shows the prior confidence and risk for various
sample budgets; the orange cross marks our target, providing a visual guide for determining the
necessary sample budget.
Moreover, our framework is able to guide practitioners to combine multiple strategies while

maintaining probabilistic guarantees. For example, if the available sample budget exceeds the
requirement for random sampling, one may use any strategy that meets or exceeds this baseline to
achieve the guarantees and then apply a second strategy (e.g., coverage-based to systematically
probe for interactions). In summary, these insights support practitioners in an informed selection
of sampling strategies for performance estimation and testing of configurable systems.

5.4 Applicability to Stochastic and Large-Scale Systems
Our experiments thus far assume deterministic performance values Π(c) and a fully known con-
figuration space V , which allowed us to compute posterior risk with respect to the complete
configuration space. In practice, however, it is often difficult to obtain equally clean and repeat-
able measurements. Variability in the execution environment can introduce stochastic effects
in performance measurements, for instance through caching behavior, scheduling decisions, or
hardware-level noise. Even when measurements are stable, large-scale systems rarely allow for
exhaustive evaluation of the complete configuration space. In the following, we outline how our
framework can be adapted to account for stochastic performance measurements and incomplete
configuration spaces, and briefly comment on applicability to multi-objective performance metrics.

Stochastic Performance Measurements. To account for measurement variability, we model the
performance of a fixed configuration c as a random variable Π(c, 𝜉), where 𝜉 is a parameter vector
that includes all the factors that influence the run-to-run variability (note that we do not need to
enumerate or even know 𝜉). Given repeated measurements { Π(c, 𝜉1), . . . ,Π(c, 𝜉𝑀 ) } (illustrated
in Figure 9), scenario theory can be applied at the level of an individual configuration to derive a
probabilistic worst-case bound Π(c, 𝜀, 𝛾, ⟨𝜉𝑖⟩𝑖∈{1..𝑀 }), with risk 𝜀 and confidence 𝛾 . For brevity, we
denote this scenario-theoretic bound by Π𝑀 (c). Posterior risk and confidence are then computed
using Π𝑀 (c) instead of deterministic performance values. Formally, posterior risk becomes

𝜀 (S) = 1
𝑛

𝑛∑︁
𝑖=1

[
Π𝑀 (c𝑖 ) > Π𝑀 (c∗ (S))

]
,

with posterior confidence defined analogously as in Equation (5). Importantly, the definition of
posterior risk remains unchanged3; only the performance function is replaced by its scenario-
theoretic bound. Conceptually, scenario theory is applied per configuration to obtain probabilistic
performance bounds under stochastic measurements (see Figure 9), and posterior analysis is
subsequently performed over these bounds.
To illustrate the effect of stochasticity, we injected 1% Gaussian noise into the measurement

data of our subject systems and recomputed the confidence discrepancy for all sampling strategies
(see Figure 10; full results are provided in the supplementary material). As expected, we find that
moderate noise does not substantially alter the relative behavior of the sampling strategies: the

3More precisely, although the formula remains identical, the performance values entering the comparison are now scenario-
theoretic bounds rather than point estimates, so posterior risk now inherits the probabilistic guarantees of scenario
theory—specifically, the bound Π𝑀 (c) is violated with probability at most 𝜀 (with confidence 𝛾 ).
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system
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Fig. 9. Illustration of the application of scenario the-

ory to derive probabilistic performance bounds for

stochastic measurements.
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Fig. 10. Confidence difference 𝜂 for Polly with noisy

measurements across different sampling strategies

(see Figure 4, for the corresponding confidence dis-

crepancy for Polly without measurement noise).

confidence discrepancy remains largely consistent to the deterministic case across strategies as
long as measurement variability does not dominate performance differences. This indicates that
our framework extends naturally to stochastic settings such as in Just-In-Time or deep learning
compilers, where performance distributions arise from hardware or runtime variability.

Incomplete Configuration Spaces.When the full configuration spaceV is unknown or infeasible
to evaluate, posterior analysis can be performed with respect to a fixed baseline V′ ⊆ V with
|V′ | = 𝑛′, representing the subset of configurations for which measurements are available. Posterior
risk is then defined as

𝜀 (S) = 1
𝑛′

𝑛′∑︁
𝑖=1

[
Π (c𝑖 ) > Π (c∗ (S))

]
,

with posterior confidence computed analogously. In this case, guarantees are interpreted relative
toV′ rather than the unknown full spaceV .
We evaluated this approximation by restricting the baseline to 50%, 20%, 10%, and 5% of the

original configuration space (see Figure 11; full results in the supplement). For uniform random
sampling, distance-based sampling, and statistical recursive search, we find that the confidence
discrepancy remains largely consistent to the results from the true ground truth across baseline
sizes. In contrast, solver-based sampling exhibits sensitivity to the chosen baseline. This behavior
can be attributed to the altered constraint structure induced by restricting V′, which changes
the solver’s internal representation and consequently the generated sample sets. For example,
for |V′ | = 30 000, the confidence discrepancy remains negative until convergence, whereas for
|V′ | = 12 000 it changes sign, indicating that the posterior confidence temporarily exceeds the a
priori guarantee for 𝜀 values between 0.2% and 1%. Overall, these results indicate that posterior risk
and confidence remain informative under restricted baselines, while also revealing strategy-specific
sensitivities that would remain hidden without an explicit probabilistic analysis.

Multi-objective Performance Metrics. The framework also extends to settings with multiple
performance objectives. A straightforward case arises when objectives can be aggregated into a
single scalar performance function, for instance via a weighted sum or utility function. In this case,
the analysis applies unchanged, as posterior risk and confidence are defined with respect to the
resulting scalar performance value. A more general and practically relevant setting optimizes one
objective subject to constraints on others, for example, minimizing response time under a limit
on memory consumption. Formally, if Π𝑡 (c) denotes the objective to be optimized (e.g., response
time) and ΠM (c) ≤ 𝜏M, denotes an additional constraint (e.g., limit on memory consumption (𝜏M)),
the admissible configuration space becomes V𝑡 = { c ∈ V | ΠM (c) ≤ 𝜏M }. Posterior risk and
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Fig. 11. Confidence difference 𝜂 for Polly under four restricted measurement sets (50%, 20%, 10%, 5%).

confidence are then computed over V𝑡 with respect to Π𝑡 (c). In both settings, the probabilistic
framework remains unchanged; only the performance function or the constraint set is adapted.

Answer to Research Question: Our findings demonstrate that the measure of posterior risk
and confidence are able to provide actionable insights for evaluating and selecting sampling
strategies. They enable rigorous comparison of sampling strategies beyond observed performance
values, supporting informed decision-making in performance estimation, even for stochastic
measurements, incomplete configuration spaces, and multi-objective settings.

6 Conclusion
This paper explores sampling used in performance analysis of configurable systems, introducing
the measures of posterior risk and posterior confidence to quantify the guarantees of sampling
strategies—particularly for identifying the worst-case (or best-case) configurations. We compare five
advanced sampling strategies across seven real-world configurable systems, revealing significant
differences in their effectiveness. Our evaluation demonstrates that our probabilistic framework
based on the measures of posterior risk and confidence is able to provide novel insights into existing
sampling techniques. For example, we found that statistical recursive search generally outperforms
other strategies—including uniform random sampling, distance-based sampling, and 𝑡-wise sam-
pling. Conversely, plain solver sampling proves less reliable in providing probabilistic guarantees
with sufficient confidence, especially for small samples. Additional experiments on stochastic
measurements and restricted configuration spaces confirm that posterior risk and confidence can
be meaningfully approximated under measurement noise and incomplete ground truth.

Overall, our findings underscore the merits of our probabilistic framework in evaluating the guar-
antees on worst-case (or best-case) performance approximations of sampling strategies, enabling
both researchers and practitioners to assess the probabilistic guarantees of sampling strategies. We
further discuss the implications of our results, emphasizing that a careful selection of sampling
strategies is crucial in performance prediction and optimization of configurable systems. Our
research provides a solid foundation for future work aimed at developing and refining sampling
strategies that deliver improved guarantees across diverse application domains.

7 Data Availability
The code and data (including results for additional sampling strategies) to reproduce our experiments
are publicly available [63].
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