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Weakly hard real-time systems can, to some degree, tolerate deadline misses, but their schedulability still
needs to be analyzed to ensure their quality of service. Such analysis usually occurs at early design stages to
provide implementation guidelines to engineers so that they can make better design decisions. Estimating
worst-case execution times (WCET) is a key input to schedulability analysis. However, early on during system
design, estimating WCET values is challenging and engineers usually determine them as plausible ranges
based on their domain knowledge. Our approach aims at finding restricted, safe WCET sub-ranges given a
set of ranges initially estimated by experts in the context of weakly hard real-time systems. To this end, we
leverage (1) multi-objective search aiming at maximizing the violation of weakly hard constraints in order
to find worst-case scheduling scenarios and (2) polynomial logistic regression to infer safe WCET ranges
with a probabilistic interpretation. We evaluated our approach by applying it to an industrial system in the
satellite domain and several realistic synthetic systems. The results indicate that our approach significantly
outperforms a baseline relying on random search without learning, and estimates safe WCET ranges with a
high degree of confidence in practical time (< 23h).

CCS Concepts: • Computer systems organization→ Real-time systems; • Software and its engineering
→ Real-time schedulability; Search-based software engineering; Empirical software validation; •
Computing methodologies→Machine learning.
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1 INTRODUCTION
Real-time systems are required to perform operations under time constraints, specifying execution
deadlines [23]. In real-world applications across many industry sectors, such as automotive and
aerospace, real-time systems can often tolerate occasional deadline misses when their consequences

Authors’ addresses: Jaekwon Lee, jaekwon.lee@uni.lu, University of Luxembourg, 29 Avenue John F. Kennedy, Luxembourg,
1859, Luxembourg and University of Ottawa, 800 King Edward Avenue, Ottawa, ON K1N 6N5, Canada; Seung Yeob Shin,
seungyeob.shin@uni.lu, University of Luxembourg, 29 Avenue John F. Kennedy, Luxembourg, 1859, Luxembourg; Lionel C.
Briand, lionel.briand@uni.lu, University of Luxembourg, 29 Avenue John F. Kennedy, Luxembourg, 1859, Luxembourg and
University of Ottawa, 800 King Edward Avenue, Ottawa, ON K1N 6N5, Canada; Shiva Nejati, snejati@uottawa.ca, University
of Ottawa, 800 King Edward Avenue, Ottawa, ON K1N 6N5, Canada.

Permission to make digital or hard copies of all or part of this work for personal or classroom use is granted without fee
provided that copies are not made or distributed for profit or commercial advantage and that copies bear this notice and
the full citation on the first page. Copyrights for components of this work owned by others than ACM must be honored.
Abstracting with credit is permitted. To copy otherwise, or republish, to post on servers or to redistribute to lists, requires
prior specific permission and/or a fee. Request permissions from permissions@acm.org.
© 2018 Association for Computing Machinery.
1049-331X/2018/0-ART0 $15.00
https://doi.org/XXXXXXX.XXXXXXX

ACM Trans. Softw. Eng. Methodol., Vol. 0, No. 0, Article 0. Publication date: 2018.

https://doi.org/XXXXXXX.XXXXXXX
https://doi.org/XXXXXXX.XXXXXXX


0:2 J. Lee, S. Shin, L. Briand, S. Nejati

are negligible with respect to achieving the system objectives and are not noticeable by users.
The systems that are robust to occasional deadline misses are known as weakly hard real-time
systems [11]. Weakly hard deadline constraints specify the extent to which real-time tasks can
tolerate deadline misses. For example, a control-loop task that computes throttle angles and sends
throttle commands to an autonomous vehicle at a fixed rate (e.g., 20 Hz) can accept at most three
deadline misses out of 20 task arrivals. When the task violates the weakly hard deadline constraint,
e.g., four deadline misses within 20 task arrivals, it may result in the vehicle failing to arrive at the
target destination on time or even colliding with objects.
While developing a weakly hard real-time system, estimating safe worst-case execution times

(WCETs) of real-time tasks is an important activity to ensure that the system meets its deadline
constraints. Engineers deem tasks’ WCETs to be safe when, under such specified execution times,
task executions satisfy their (weakly hard) deadlines constraints; i.e., the tasks are schedulable [13].
In particular, safe WCET estimates are practically useful at early design stages when tasks’ im-
plementations are not yet completed. Such estimates provide development objectives to guide
engineers in making appropriate design and implementation decisions and thus prevent deadline
misses. For example, depending on the safe WCET estimated for a data-processing task, engineers
may choose either an in-memory storage, a file system, or an external database system to store and
access data.

At early design stages, engineers find it challenging to estimate safeWCETs and thus to guarantee
that tasks always meet their deadlines [37]. WCETs are determined based on a variety of factors
such as task scheduling policies, task implementations, and hardware specifications. Regarding
scheduling policies, advanced real-time operating systems (e.g., QNX Neutrino [16]) applied in
industry employ sophisticated scheduling policies to accommodate various systems’ requirements
in different domains, such as automotive and aerospace. For example, an adaptive partitioning
scheduler (APS) [15] developed by BlackBerry prevents unimportant tasks from monopolizing
system resources (e.g., processing units) by using adaptive partitions. Such partitions separate tasks
into virtual containers with their own resource-utilization budgets, which are adaptive depending
on system performance. Due to the complexity of such scheduling policies, engineers face difficulties
when applying existingWCET analysis techniques [24, 63] that are valid only when systems employ
traditional scheduling policies, e.g., ratemonotonic scheduling policy [52]. Furthermore, the problem
of estimating safe WCETs becomes more challenging (i.e., computationally expensive) when real-
time systems are constrained by weakly hard deadlines, which specify tolerable degrees for deadline
misses. In addition, decisions regarding task implementations and hardware components are often
not fully known at early design stages. Hence, engineers cannot determine exact WCET values
ensuring that tasks are schedulable. Therefore, engineers usually resort to estimating WCET ranges
that can ensure tasks are schedulable with a high probability [27, 50].

The problem of estimating WCET has been widely studied, relying mainly on measurements [24,
63, 73] and static analysis [32, 39, 58, 66]. Measurement-based approaches estimate WCETs by
analyzing multiple executions on the target hardware or an accurate simulator using a set of
worst-case inputs. In contrast, static analysis-based approaches estimate WCETs by investigating
the longest path in source code and the cache hit ratio based on hardware specifications. There
are approaches [5, 18, 37] aiming at estimating WCETs at early stages of implementation. For
example, Altenbernd et al. [5] first create a timing model that predicts the execution times of
machine instructions. Given source code to analyze, they then translate it to machine instructions
captured in the timing model. The execution times of these instructions are used to approximate
the source code’s WCET. In contrast to our work that aims at estimating safe WCET ranges, these
prior approaches aim at estimating the WCET of a real-time task, without accounting for the task’s
schedulability (i.e., deadline constraints). In addition, since these approaches rely on source code
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available only at implementation stages, they are not applicable at early design stages. Recently,
SAFE [50] has been proposed to estimate with a probabilistic interpretation, at early design stages,
safe WCET ranges that satisfy deadline constraints for real-time systems. SAFE utilizes task models
instead of source code to simulate task executions and estimate safe WCET ranges using machine
learning and meta-heuristic search. However, SAFE does not account for the specificities of weakly
hard real-time systems accepting occasional deadline misses and advanced, sophisticated scheduling
policies used in industry. Instead, SAFE targets real-time systems that do not tolerate any occurrence
of a deadline miss and relies on a simple task model. Hence, the problem addressed in our work is
more complex than the problem tackled by SAFE. Our work complements SAFE and extends it to
probabilistically estimate safe WCET ranges for weakly hard real-time systems involving advanced
industry scheduling policies.

Contributions. In this article, we propose SWEAK, a Safe WCET analysis method for wEAKly
hard real-time systems. SWEAK searches for effective test cases that likely cause violations of
weakly hard deadline constraints using a multi-objective search algorithm [54]. SWEAK then
estimates safe WCET ranges with a probabilistic interpretation by using logistic regression [45].
SWEAK evaluates the schedulability of a set of real-time tasks by using an industrial scheduler
APS that supports complex scheduling policies, accounting for multi-core platforms and adaptive
partitions [64]. In a multidimensional WCET space defined by different tasks in a system, SWEAK
identifies a safe WCET border characterizing safe WCET ranges with a probability 𝑝 of violating
weakly hard deadline constraints. Such a border allows engineers to investigate, for each task,
suitable WCET values by analyzing trade-offs within the safe ranges.
We evaluated SWEAK with an industrial system from the satellite domain and several realistic

synthetic systems that were created following guidelines provided by our industry partner, Black-
berry. Experimental results show that SWEAK can efficiently and accurately estimate safe WCET
ranges for various weakly hard real-time systems. Regarding the execution time of SWEAK, it takes
at most 22.1h across a large number of synthetic systems, indicating that SWEAK is acceptable in
practice as an offline analysis tool. All the details of our evaluation results are available online [49].
Organization. This article is organized as follows: Section 2 motivates our work. Section 3

precisely defines the problem of estimating safe WCET ranges for weakly hard real-time systems.
Section 4 describes SWEAK. Section 5 empirically evaluates SWEAK. Section 6 contrasts SWEAK
against related work. Section 7 concludes this article.

2 MOTIVATION
Our work is motivated by the practical needs identified in collaboration with our partner company,
BlackBerry. They have developed a real-time operating system (RTOS), named QNX Neutrino [16],
which satisfies the functional safety standard ISO-26262 [44] with the highest automotive safety
integrity level (ASIL-D). Due to the stringent assurance requirements, QNX Neutrino has been
used in many safety-critical, real-time industries such as automotive and medical domains.
Adaptive partitioning scheduler (APS). QNX Neutrino employs a sophisticated scheduler

named APS, which has been studied and applied in many systems [2, 17, 25, 26, 56], to support
complex system requirements in managing real-time tasks. APS is based on a priority-driven
preemptive scheduling policy, allocating tasks to processing cores based on the tasks’ priorities for
scheduling. The policy ensures that the highest priority task always has access to a processing core
when required. APS also supports task partitions in which tasks are assigned. The time budgets
of partitions, which impact task executions, are dynamically controlled depending on the system
load. Such budget management not only scales up and down the budgets of partitions according
to the tasks’ demands, but also prevents tasks from monopolizing processors. In addition, APS
supports various scheduling policies, e.g., FIFO and Round-Robin, and multi-core platforms. These
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rich features of APS (and QNX Neutrino) have made it widely applicable in practice, but have also
complicated schedulability analysis.
Analysis needs. BlackBerry provides customers who develop real-time systems with an APS

simulator, allowing them to design and evaluate real-time tasks running on QNX Neutrino in a
realistic and scalable manner. In particular, the APS simulator emulates tasks’ behaviors without
requiring their implementations or hardware devices. Hence, the simulator is applicable to analyze
real-time tasks at early design stages. However, the simulator cannot estimate safe WCET ranges
at early stages, which is important to develop and assess real-time systems.

Many organizations [3], including BlackBerry customers, develop weakly hard real-time systems
that can tolerate occasional deadline misses. However, existingWCET analysis techniques [6, 12, 50]
work on hard real-time systems with simpler scheduling policies than APS. In such contexts,
using state-of-the-art techniques would therefore result in unnecessarily restricted WCET ranges
compared to acceptable WCET ranges that would allow tasks to occasionally miss some deadlines.
In practice, as earlyWCET estimates guide engineers to make appropriate implementation decisions
and hardware resource choices, overly pessimistic WCET estimates may add unnecessary overhead
for code optimization or over-provisioning of hardware resources. To this end, BlackBerry is
interested in developing an APS simulation-based solution to estimate safe WCET ranges for
weakly hard real-time systems.

3 PROBLEM DEFINITION
This section introduces the notation we use in this article and our task model. The latter builds on
our previous work [50] and extends it with weakly hard deadline constraints, complex scheduling
policies, and context switching times. We then describe the problem of identifying safe WCET
ranges that satisfy the deadline constraints with a certain level of confidence.

Task model.We analyze a real-time system running 𝑛 tasks in parallel on a multi-core platform.
Each task 𝜏𝑖 (1 ≤ 𝑖 ≤ 𝑛) is identified as either periodic or aperiodic. A periodic task, which arrives
at regular intervals, is characterized by the following temporal parameters: offset 𝑂𝑖 , period 𝑇𝑖 ,
WCET 𝐶𝑖 , and relative deadline 𝐷𝑖 . These parameters determine the arrival times of a periodic task
and its absolute deadlines. Specifically, the 𝑘th arrival of a periodic task 𝜏𝑖 , denoted by 𝑎𝑖,𝑘 , is 𝑂𝑖 +
(𝑘 − 1) × 𝑇𝑖 . A periodic task arrived at 𝑎𝑖,𝑘 is supposed to complete its execution, even in the worst
case 𝐶𝑖 , before the absolute deadline determined by 𝑎𝑖,𝑘 + 𝐷𝑖 .

An aperiodic task has irregular arrival times as it is activated by external stimuli. In general, there
is no limit on the arrival times of an aperiodic task. However, in real-time analysis, we typically
specify a minimum inter-arrival time and maximum inter-arrival time to characterize irregular
arrivals. For an aperiodic task 𝜏 𝑗 , we define [𝑇𝑚𝑖𝑛𝑗 , 𝑇𝑚𝑎𝑥𝑗 ], indicating the minimum and maximum
time intervals between two consecutive arrivals of 𝜏 𝑗 . Thus, an arrival time 𝑎 𝑗,𝑘 is determined by
the 𝑘−1th arrival time of 𝜏 𝑗 and its minimum and maximum arrival times as follows: [𝑇𝑚𝑖𝑛𝑗 ,𝑇𝑚𝑎𝑥𝑗 ]
for 𝑘 = 1 and [𝑎 𝑗,𝑘−1 +𝑇𝑚𝑖𝑛𝑗 , 𝑎 𝑗,𝑘−1 +𝑇𝑚𝑎𝑥𝑗 ] for 𝑘 > 1. We note that, in real-time analysis, sporadic
tasks can be separately defined as they have irregular arrivals and hard deadlines [53]. However, in
our task model, we do not introduce new notations for sporadic tasks because the deadline and
period concepts defined above are sufficient to characterize them.

Under a priority-driven preemptive scheduling policy [13], each task 𝜏𝑖 has its priority, denoted
by 𝑃𝑖 , which determines its order of execution. A task 𝜏𝑖 can preempt another task 𝜏 𝑗 when the
priority value of 𝜏 𝑗 is less than the value of 𝜏𝑖 , i.e., 𝑃 𝑗 < 𝑃𝑖 .

WCET ranges. As discussed earlier, engineers have a hard time estimating exact WCET values
at early stages of development because there are many uncertain factors, for example related to
hardware configuration, input data, and source code. In this study, we assume that engineers can
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Fig. 1. A task state transition model.

provide WCET ranges instead of a single value. We denote by [𝐶𝑚𝑖𝑛𝑖 , 𝐶𝑚𝑎𝑥𝑖 ] the minimum and
maximum WCET values of a task 𝜏𝑖 .

Weakly hard deadline constraints. A deadline 𝐷𝑖 is the time constraint of a task 𝜏𝑖 . Our task
model requires the deadline to be greater than or equal to 𝐶𝑖 [22], i.e., 𝐷𝑖 ≥ 𝐶𝑖 . For a task 𝜏 𝑗 with a
WCET range, the deadline value must be greater than or equal to the maximum WCET value 𝐶𝑚𝑎𝑥𝑗 .
A task constrained by a hard deadline must meet its deadline in all executions of the task. However,
when a task is subject to a weakly hard deadline constraint, which is also called a soft deadline, the
task can occasionally miss its deadline. We adopt the formal definition of weakly hard deadline
constraints introduced by Bernat et al. [11], i.e., (𝑚,𝐾 )-constraint, which has been commonly used
in weakly hard real-time studies [4, 35, 60]. The (𝑚𝑖 , 𝐾𝑖 )-constraint of a task 𝜏𝑖 specifies that, within
a time window 𝐾𝑖 (i.e., the number of consecutive arrivals of 𝜏𝑖 ),𝑚𝑖 consecutive task arrivals are
allowed to miss the deadline 𝐷𝑖 . For instance, (𝑚𝑖 , 𝐾𝑖 ) = (2, 5) specifies that two consecutive deadline
misses of a task 𝜏𝑖 are acceptable within five consecutive arrivals of 𝜏𝑖 . When 𝜏𝑖 is subject to a hard
deadline constraint,𝑚𝑖 = 0. We note that, in weakly hard real-time systems, analyzing consecutively
missed deadlines is important as the consequence of a deadline miss at a task arrival is propagated
to the next arrivals. However, non-consecutive deadline misses may not be noticeable to users as a
task execution may complete before its deadline even after a deadline miss occurred at the previous
arrival.
Context switching times. In addition to the task model described above, our study accounts

for context switching time, which is the time required for a task to change state during scheduling.
Fig. 1 shows the task state transition model used in APS. According to this model, a task is ready
when it is prepared to execute on a processing core. APS executes the task by assigning it to an
idle processing core and sets its state to running. A running task can be blocked when it requires
resources used by other tasks or stopped when it finishes its execution. APS can also preempt a
running task when a higher priority task is ready or the partition budget that the task belongs to
runs out. Each state transition requires time for exchanging data between memories and scheduling
overheads. To account for such time, we define three types of context switching times. Start-up
time, denoted by 𝜆𝑠 , is the time required to change the state of a task from ready to running. Exit
time, denoted by 𝜆𝑥 , is the time required to change the state of a task from running to other states,
ready or blocked, or to finalize its execution. Moreover, since APS deals with multi-core platforms,
tasks may need to be assigned to different processing cores when their states are changed from
ready to running depending on the availability of processing cores. Inter-processor interrupt (IPI)
time, denoted by 𝜆𝑝 , is required to transfer a task execution from one core to another in a multi-core
platform. These context switching times are affected by hardware performance as well as scheduling
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Fig. 2. A schedule scenario example that describes task executions of four tasks, 𝜏1, 𝜏2, 𝜏3, and 𝜏4, running on
a two-core platform. This scenario includes context switching times.

overhead in a scheduler, which are uncertain. Hence, we specify them as ranges instead of single
values. For example, the start-up time 𝜆𝑠 can be any value in the range [0.012ms, 0.022ms]. Note
that representing these context switching times as ranges is consistent with the APS simulator
provided by BlackBerry QNX.
Schedule scenario Based on a scheduling result, we define a schedule scenario, denoted by 𝑆 ,

describing the executions of all tasks in a system in terms of their start and end times. Specifically,
we formulate a schedule scenario as a list of tuples (𝜏𝑖 , 𝑎𝑖,𝑘 , 𝑒𝑖,𝑘 ), where 𝑎𝑖,𝑘 and 𝑒𝑖,𝑘 are, respectively,
the arrival time and the end (or completion) time of the 𝑘th arrival of the task 𝜏𝑖 .

For example, let Γ be a set of 𝑛 tasks to be scheduled by a real-time scheduler. A scheduler then
dynamically schedules the executions of tasks in Γ over the scheduling period T = [0, t] according
to a scheduling policy (e.g., APS scheduling policy [15]). Fig. 2 describes a schedule result running
four tasks 𝜏1, 𝜏2, 𝜏3, and 𝜏4 on a two-core platform. The periodic task 𝜏1 is characterized by: 𝑂1 = 0,
𝑇1 = 4, and 𝐶𝑚𝑖𝑛1 = 𝐶𝑚𝑎𝑥1 = 2. The aperiodic task 𝜏2 is characterized by: [𝑇𝑚𝑖𝑛2 ,𝑇𝑚𝑎𝑥2 ] = [6, 12] and
𝐶𝑚𝑖𝑛2 =𝐶𝑚𝑎𝑥2 = 3. The aperiodic task 𝜏3 is characterized by: [𝑇𝑚𝑖𝑛3 ,𝑇𝑚𝑎𝑥3 ] = [8, 14], and [𝐶𝑚𝑖𝑛3 ,𝐶𝑚𝑎𝑥3 ]
= [2, 3]. The periodic task 𝜏4 is characterized by: 𝑂4 = 0, 𝑇4 = 8, and [𝐶𝑚𝑖𝑛4 ,𝐶𝑚𝑎𝑥4 ] = [2, 4]. All the
task executions should be finished before the next task period or next minimum task arrival (i.e., 𝐷1
=𝑇1 = 4, 𝐷2 =𝑇

𝑚𝑖𝑛
2 = 6, 𝐷3 =𝑇

𝑚𝑖𝑛
3 = 8, and 𝐷4 =𝑇4 = 8). The tasks’ priorities are 𝑃1 > 𝑃2 > 𝑃3 > 𝑃4,

which means that 𝜏1 can preempt the processing cores at any time. All the context switching times
in the example are 0.025, i.e., 𝜆𝑠 = 𝜆𝑥 = 𝜆𝑝 = 0.025.
As shown in Fig. 2, during the scheduling period T = [40, 60], the schedule scenario 𝑆 is

{(𝜏1, 40, 42.05), · · · , (𝜏2, 41, 44.075), · · · , (𝜏3, 42, 47.2), · · · , (𝜏4, 40, 50.3), · · · , (𝜏4, 56, 60.825)}. Due to
randomness in task execution times, aperiodic task arrivals, and context switching times, a schedule
scenario (i.e., scheduling result) can differ in each scheduler run.
Schedulability. We analyze the schedulability of a given schedule scenario 𝑆 by checking

the (𝑚𝑖 , 𝐾𝑖 )-constraint of each task in 𝑆 . If a schedule scenario shows a violation of any (𝑚𝑖 , 𝐾𝑖 )-
constraint, the schedule scenario is not schedulable. For example, the schedule scenario in Fig. 2 has
two deadline misses for task 𝜏4 at the first and second arrivals. If the deadline constraint (𝑚4, 𝐾4) of
𝜏4 is (1, 4), the schedule scenario 𝑆 is not schedulable as the deadline constraint of 𝜏4 only allows
one deadline miss in four consecutive arrivals. However, the scenario 𝑆 becomes schedulable when
(𝑚4, 𝐾4) = (2, 4), accepting two consecutive deadline misses. Note that a set Γ of tasks is schedulable
when every schedule scenario 𝑆 of Γ is schedulable with respect to the tasks’ (𝑚𝑖 , 𝐾𝑖 )-constraints.

Problem. The effective design and assessment of real-time systems rely on the accurate eval-
uation of the task parameters. Among these parameters, WCET values are estimated as ranges,
which is inevitable given the high uncertainty at early stages of development. Upper WCET bounds
are the worst-case WCET values that are most likely to have deadline misses, since larger WCET
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Fig. 3. An overview of our Safe WCET analysis method for wEAKly hard real-time system (SWEAK).

values increase the probability of deadline constraint violations. Lower WCET bounds are tasks’
best-case WCET values but are harder to implement in practice.
Our work aims at determining the maximum upper bounds that allow tasks to be schedulable,

under weakly hard deadline constraints, at a certain level of probability of violating deadline
constraints. Practitioners can use these upper bounds as an objective when implementing the tasks.
Specifically, for every task 𝜏𝑖 ∈ Γ to be analyzed, our approach computes a new upper bound value
for the WCET range of 𝜏𝑖 (denoted by 𝐶max∗

𝑖 ) by restricting it from 𝐶max
𝑖 to 𝐶max∗

𝑖 such that, at a
certain level of confidence, deadline constraint violations should not occur. For instance, as we
aforementioned, the schedule scenario in Fig. 2 is not schedulable under (1,4)-constraint for the
task 𝜏4. However, the tasks become schedulable when restricting the maximum WCET of 𝜏4 from
𝐶𝑚𝑎𝑥4 = 4 to 𝐶𝑚𝑎𝑥∗4 = 3 or WCET of 𝜏3 from 𝐶𝑚𝑎𝑥3 = 3 to 𝐶𝑚𝑎𝑥∗3 = 2.

4 APPROACH
Fig. 3 shows an overview of SWEAK, our Safe Worst-case execution time (WCET) analysis method
for wEAKly hard real-time system. Given task descriptions, SWEAK first finds test cases, which
consist of sequences of task arrivals and context switching times, using meta-heuristic search
to maximize the magnitude and consecutiveness degree of deadline misses (Section 4.1). During
search, SWEAK uses an industrial scheduling simulator, i.e., APSSimulator that simulates the APS
policy, to evaluate the schedulability of test cases and produce a training dataset (Section 4.2).
Using the training data, SWEAK then builds a logistic regression model to distinguish between
the safe and unsafe areas in the WCET space with respect to satisfying and violating weakly hard
deadline constraints (Section 4.3). The model estimates, with a probabilistic interpretation, safe
WCET ranges under which tasks are likely to be schedulable. To improve the accuracy of the
estimation model, SWEAK then augments the training dataset by running simulations with the
test cases obtained from the search. In the next sections, we describe each step of SWEAK in detail.
We note that SWEAK is based on our past work (i.e., SAFE [50]), which estimates probabilistic

safe WCET ranges for (hard) real-time systems using a single-objective search algorithm, single-
queue multi-core scheduling policy simulation, and logistic regression. In contrast to SAFE, which
targets real-time systems with relatively simple scheduling policies, SWEAK aims at estimating
probabilistic safe WCET ranges for weakly hard real-time systems involving advanced industrial
scheduling policies. Recall from Section 3 that the (𝑚𝑖 , 𝐾𝑖 )-constraint (i.e., weakly hard constraint)
of a task 𝜏𝑖 specifies that, within a time window 𝐾𝑖 ,𝑚𝑖 consecutive task arrivals are allowed to miss
the deadline of 𝜏𝑖 . Such a weakly hard deadline constraint is more complex than a hard deadline
constraint that does not allow any occurrence of a deadline miss. Analyzing weakly hard real-time
systems, therefore, requires different techniques, compared to SAFE, to track and record the tasks
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that have missed their deadlines and the frequency of such occurrences. Regarding the underlying
techniques of the search step (Section 4.1) of SWEAK, it employs a multi-objective search algorithm
to generate test cases that are likely to violate weakly hard deadline constraints and maximize the
magnitude of deadline misses. During search, SWEAK further accounts for the context switching
times, i.e., start-up, exit, and IPI times, which have an impact on scheduling results (described
in Section 3). In contrast, SAFE does not consider these time aspects. For the simulation step
(Section 4.2), SWEAK uses APSSimulator that simulates the APS policy. Regarding the learning
step (Section 4.3), SWEAK also opts to use logistic regression, similar to the learning step of SAFE,
to provide a probabilistic interpretation for safe WCET ranges. Hence, we adapt the learning step of
SAFE to develop the learning step of SWEAK, which accounts for weakly hard deadline constraints
and integrates with APSSimulator.

4.1 Searching for effective test cases
The search step of SWEAK aims to generate test cases that likely violate weakly hard deadline
constraints and maximize the magnitude of deadline misses. We apply a multi-objective search
algorithm for finding test cases guided by the following two objectives: (1) maximizing the magni-
tude of deadline misses and (2) maximizing the consecutiveness degree of deadline misses. These
two objectives enable the search step to generate test cases that cause larger deadline misses (in
terms of distances between tasks’ completion times and their deadlines) and more consecutive
deadline misses. To evaluate the test cases with respect to the objectives through simulations,
SWEAK applies multiple sets of WCET values, that are randomly sampled within their specified
ranges, since WCET values can lead to different schedule results with the same test case. We de-
scribe our search-based approach by defining the solution representation, the fitness functions, and
the computational search algorithm, as recommended in the checklists for search-based software
engineering research [61].
Representation. A feasible solution represents a test case for checking the schedulability of a

set of tasks defined in the input task descriptions. Given a set Γ of tasks to be scheduled, a solution
𝐼 consists of two parts: context switching times and sequences of task arrivals for all tasks in Γ.
The context switching times are three scalar values, i.e., start-up 𝜆𝑠 , exit 𝜆𝑥 , and IPI 𝜆𝑝 times, each
of which is selected within their valid ranges (see Section 3). The sequences of task arrivals are
denoted by a set 𝐴 of tuples (𝜏𝑖 , 𝑎𝑖,𝑘 ), where 𝜏𝑖 ∈ Γ and 𝑎𝑖,𝑘 is the 𝑘th arrival time of 𝜏𝑖 . The number
of arrivals of 𝜏𝑖 is restricted by the scheduling time period T = [0, t]. For example, if a task 𝜏𝑖 is
periodic and its offset𝑂𝑖 = 0, the number of 𝜏𝑖 arrivals is t/𝑇𝑖 where 𝑇𝑖 denotes the period of 𝜏𝑖 (see
Section 3). In the case of aperiodic tasks, the number of arrivals varies with changing inter-arrival
times (see Section 3). Therefore, the size of 𝐼 varies across different solutions along with the size of
𝐴.

Fitness. To evaluate the fitness of each solution, we define two objective functions, which
quantify the magnitude of deadline misses and the consecutiveness degree of deadline misses. These
objective functions compute fitness values using multiple simulations to account for uncertainty in
WCETs. Specifically, given a solution 𝐼 for a set Γ of tasks, SWEAK runs APSSimulator 𝑛𝑠 times
with WCET values for the tasks in Γ that are randomly selected from their WCET ranges and
thus obtains schedule scenarios S = {𝑆1, 𝑆2, · · · , 𝑆𝑛𝑠 } (see Section 4.2). Given the scenarios, SWEAK
calculates the fitness values for a solution 𝐼 using the fitness functions described below.
Fitness for the magnitude of deadline misses. We denote by fd (𝐼 , Γ𝛿 , 𝑛𝑠) a fitness function that

quantifies the magnitude of deadline misses regarding a solution 𝐼 , a set Γ𝛿 ⊆ Γ of target tasks,
and 𝑛𝑠 simulations. We note that SWEAK provides the capability of selecting target tasks Γ𝛿 as
practitioners often need to focus on a subset of critical tasks. The function fd (𝐼 , Γ𝛿 , 𝑛𝑠) calculates a
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τi

μi 1 0 01 1 0

interval(τi,1) interval(τi,2) interval(τi,5)

dist(τi,1) > 0 dist(τi,4) ≤ 0

= 1 = 3 = ∞

deadline

Fig. 4. An example of a 𝜇-pattern for a task 𝜏𝑖 .

fitness value using a distance function dist (𝜏𝑖 , 𝑘) defined as follows:

dist (𝜏𝑖 , 𝑘) = 𝑒𝑖,𝑘 − 𝑎𝑖,𝑘 + 𝐷𝑖
This function computes the distance between the end time and the deadline of the 𝑘th arrival
of task 𝜏𝑖 in a schedule scenario (see notation in Section 3). If an arrival 𝑎𝑖,𝑘 misses its absolute
deadline 𝑎𝑖,𝑘 +𝐷𝑖 , the value of dist (𝜏𝑖 , 𝑘) is larger than 0. As a larger distance value leads to a higher
probability of deadline misses, SWEAK finds the maximum distance among all the arrivals for each
scenario by using the fitness function 𝑓 𝑑 (𝐼 , Γ𝛿 , ns) defined as follows:

fd (𝐼 , Γ𝛿 , 𝑛𝑠) =
𝑛𝑠∑︁
ℎ=1

max
𝜏𝑖 ∈Γ𝛿 , 𝑘∈[1,lk (𝜏𝑖 ) ]

distℎ (𝜏𝑖 , 𝑘)/𝑛𝑠

where lk(𝜏𝑖 ) is the number of 𝜏𝑖 arrivals in 𝐼 . We denote by distℎ (𝜏𝑖 , 𝑘) the distance function for each
schedule scenario 𝑆ℎ ∈ S. SWEAK aims to maximize the fitness value computed by 𝑓 𝑑 (𝐼 , Γ𝛿 , ns).
Fitness for the consecutiveness degree of deadline misses. We denote by fc(𝐼 , Γ𝛿 , 𝑛𝑠) the fitness

function that quantifies the consecutiveness degree of deadline misses regarding a solution 𝐼 , a
set Γ𝛿 ⊆ Γ of target tasks, and 𝑛𝑠 simulations. To compute the consecutiveness degree of deadline
misses, SWEAK converts a schedule scenario into 𝜇-patterns [11] by checking whether task arrivals
in a schedule scenario meet their deadlines or not. Specifically, given a schedule scenario 𝑆 , a
𝜇-pattern 𝜇𝑖 for a task 𝜏𝑖 is a sequence of (𝜇𝑖 (1), . . . , 𝜇𝑖 (𝑘), . . . , 𝜇𝑖 (lk(𝜏𝑖 ))) where 𝑘 is the 𝑘th arrival
of 𝜏𝑖 , lk(𝜏𝑖 ) is the number of 𝜏𝑖 arrivals in 𝑆 , and 𝜇𝑖 (𝑘) is defined as follows:

𝜇i (𝑘) =
{
1 , 𝑑𝑖𝑠𝑡 (𝜏𝑖 , 𝑘) > 0
0 , 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

Fig. 4 shows an example converting task arrivals of 𝜏𝑖 into a 𝜇-pattern 𝜇𝑖 . The task 𝜏𝑖 has three
deadline misses at the first, second, and fifth arrivals, resulting in 𝜇𝑖 to be equal to (1,1,0,0,1,0).

Based on a 𝜇-pattern, we calculate the interval, denoted by interval(𝜏𝑖 , 𝑘), between the 𝑘th and
the 𝑘 ′th arrivals of a task 𝜏𝑖 , where 𝑘 ′ > 𝑘 , the 𝑘th and 𝑘 ′th arrivals miss their deadlines, and all
arrivals between the 𝑘th and 𝑘 ′th arrivals meet their deadlines. For example, in Fig. 4, interval(𝜏𝑖 , 2)
is equal to 3 because, after the 2nd arrival, the next deadline miss occurs at the 5th arrival; hence,
interval(𝜏𝑖 , 2) = 5 − 2 = 3. Note that the interval(𝜏𝑖 , 5) in Fig. 4 is defined as∞ because, after the
5th arrival of 𝜏𝑖 , the next deadline miss is unknown. When 𝜇𝑖 (𝑘) = 0, we define interval(𝜏𝑖 , 𝑘) = 0.

Given the function interval(𝜏𝑖 , 𝑘) and a 𝜇-pattern 𝜇𝑖 , we denote by consec(𝜏𝑖 , 𝑘) the consecutive-
ness degree of deadline misses regarding the 𝑘th arrival of a task 𝜏𝑖 . The function consec(𝜏𝑖 , 𝑘) is
defined as follows:

consec(𝜏𝑖 , 𝑘) =
{
10

1
interval (𝜏𝑖 ,𝑘 ) , 𝜇𝑖 (𝑘) = 1

0 , 𝜇𝑖 (𝑘) = 0
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Algorithm 1: An algorithm for searching test cases, aiming at maximizing (1) the magnitude
of deadline misses and (2) the consecutiveness degree of deadline misses, based on NSGA-II.

1 Input Γ: a set of tasks
2 Input ns: number of samples
3 Input np: population size
4 Input pc: crossover probability
5 Input pm: mutation probability
6 Output P𝛼: population of test cases
7
8 P𝛼 ← {}
9 P← CreatePopulation(Γ, 𝑛𝑝 )
10
11 repeat
12 // calculating fitness for P
13 for each 𝐼 ∈ P do
14 W← SampleWCET (𝑛𝑠 )
15 S← RunSimulation(𝐼 ,W)
16 fd (𝐼 , Γ𝛿 , 𝑛𝑠 ) = ∑𝑛𝑠

ℎ=1 max
𝜏𝑖 ∈Γ𝛿 , 𝑘∈ [1,lk (𝜏𝑖 ) ] distℎ (𝜏𝑖 , 𝑘 )/𝑛𝑠

17 fc (𝐼 , Γ𝛿 , 𝑛𝑠 ) = ∑𝑛𝑠
ℎ=1

(
max

𝜏𝑖 ∈Γ𝛿
∑lk (𝜏𝑖 )

𝑘=1 consecℎ (𝜏𝑖 , 𝑘 )
)/
𝑛𝑠

18 end for
19
20 // update archive
21 P𝛼 ← P𝛼 ∪ P
22 ComputeFrontRanks (P𝛼 )
23 ComputeSparsities (P𝛼 )
24 P𝛼 ← SelectArchive (P𝛼 , 𝑛𝑝 )
25 𝐵𝑒𝑠𝑡𝐹𝑟𝑜𝑛𝑡 ← ParetoFront (P𝛼 )
26
27 //creating a new population
28 P← Breed (P𝛼 , 𝑛𝑝, 𝑝𝑐, 𝑝𝑚)
29 until we have run out of time or 𝐵𝑒𝑠𝑡𝐹𝑟𝑜𝑛𝑡 is the ideal Pareto front
30 return P𝛼

To reward small intervals and penalize large intervals between consecutive deadline misses, we
invert interval(𝜏𝑖 , 𝑘) and use an exponential function as shown in the consec(𝜏𝑖 , 𝑘) definition.
Hence, a consecutiveness degree consec(𝜏𝑖 , 𝑘) exponentially decreases with the increasing value
of interval(𝜏𝑖 , 𝑘). For example, given the 𝜇-pattern 𝜇𝑖 in Fig. 4, the value of consec(𝜏𝑖 , 𝑘) decreases
when the value of interval(𝜏𝑖 , 𝑘) increases, i.e., consec(𝜏𝑖 , 1) = 1√10 = 10, consec(𝜏𝑖 , 2) = 3√10 = 2.15,
and consec(𝜏𝑖 , 5) = ∞√10 = 1, where 1/∞ = 0.

To compute the fitness function 𝑓 𝑐 (𝐼 , Γ𝛿 , 𝑛𝑠), SWEAK runs APSSimulator 𝑛𝑠 times for 𝐼 and ob-
tains 𝑛𝑠 schedule scenarios 𝑆1, 𝑆2, . . . , 𝑆𝑛𝑠 . For each schedule scenario 𝑆ℎ , we denote by consecℎ (𝜏𝑖 , 𝑘)
the consecutiveness degree of deadline misses regarding the 𝑘th arrival of a task 𝜏𝑖 observed in
each schedule scenario 𝑆ℎ . SWEAK aims to maximize the fc(𝐼 , Γ𝛿 , 𝑛𝑠) fitness defined as follows:

fc(𝐼 , Γ𝛿 , 𝑛𝑠) =
𝑛𝑠∑︁
ℎ=1

(
max
𝜏𝑖 ∈Γ𝛿

lk (𝜏𝑖 )∑︁
𝑘=1

consecℎ (𝜏𝑖 , 𝑘)
)/
𝑛𝑠

Computational search. SWEAK employs the NSGA-II algorithm [54] as shown in Algorithm 1.
It generates an initial population P (line 9) and iterates to evolve the population until finding the
ideal Pareto front or exhausting the execution budget (lines 11–29). At each iteration, the algorithm
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Context switching times Sequences of task arrivals

Parent Ip

Parent Iq

Child I′￼p

Child I′￼q

0.0110.007 0.001 (τ3, 6), (τ3, 15)(τ2, 10), (τ2, 20)
0.0100.008 0.001

(τ1, 5), (τ1, 12), (τ1, 18)
(τ1, 4), (τ1, 8), (τ1, 16) (τ3, 4), (τ3, 12), (τ3, 20)(τ2, 8), (τ2, 18)

(τ3, 6), (τ3, 15)(τ2, 10), (τ2, 20)
(τ1, 5), (τ1, 10)
(τ1, 5), (τ1, 12), (τ1, 18)

(τ3, 4), (τ3, 12), (τ3, 20)(τ2, 8), (τ2, 18)

Crossover point

Startup λs Exit λe IPI λp Task τ1 Task τ2 Task τ3

0.0110.007 0.001
0.0100.008 0.001

Fig. 5. An example of SWEAK’s crossover operation. It swaps all context switching times and all task arrivals
of task 𝜏1 between two parent solutions 𝐼𝑝 and 𝐼𝑞 to produce offspring 𝐼 ′𝑝 and 𝐼 ′𝑞 .

first evaluates individuals in P with the fitness functions defined above (lines 13–18) and adds them
to the archive P𝛼 (line 21). The algorithm then calculates Pareto front rankings and sparsities of
the solutions in the archive P𝛼 using the fitness values (lines 22-23). The calculation is used for
determining the np individuals to be kept in the archive and the best Pareto front (lines 24–25).
Based on the archive, the algorithm breeds a new population P to produce the next generation’s
population using the following genetic operators: (1) Selection chooses candidate solutions as
parents using a tournament selection technique, with the tournament size equal to two, which
is the most common setting [34]. (2) Crossover creates offspring from the selected parents using
a modified version of the one-point crossover. (3) Mutation changes the offspring according to
a mutation rate and strategy. After completing the evolution process, the algorithm returns the
latest archive P𝛼 that contains the best found Pareto front. We describe our crossover and mutation
approaches in detail.
Crossover. A crossover operator produces offspring from two parent solutions by inheriting

their characteristics. Our crossover operator, named SWEAKCrossover, modifies the standard
one-point crossover operator [54] that selects a random crossover point among all genes and swaps
them between parent solutions based on the crossover point. However, in our context, as the size
of two parents can differ, such random selection may produce invalid offspring. To prevent it,
SWEAKCrossover selects a crossover point among the context switching times, i.e., 𝜆𝑠 , 𝜆𝑥 , and 𝜆𝑝 ,
or the first arrivals of the aperiodic tasks in Γ. As the size of Γ and context switching times are
fixed for all solutions, SWEAKCrossover can crossover two solutions with different sizes.

Fig. 5 shows an example operation of SWEAKCrossover using a systemwith three aperiodic tasks,
𝜏1, 𝜏2, and 𝜏3. Let two parent solutions 𝐼𝑝 and 𝐼𝑞 be as follows: 𝐼𝑝 = (0.007, 0.011, 0.001, (𝜏1, 5), . . .,
(𝜏2, 10), . . ., (𝜏3, 6), (𝜏3, 15)) and 𝐼𝑞 = (0.008, 0.010, 0.001, (𝜏1, 4), . . ., (𝜏2, 8), . . ., (𝜏3, 4), . . ., (𝜏3, 20)),
where (𝜏𝑖 , 𝑡) states that task 𝜏𝑖 arrives at time 𝑡 . Given the two parents 𝐼𝑝 and 𝐼𝑞 , SWEAKCrossover
randomly selects a point— the first arrival of 𝜏2 in this example—and then it swaps the context
switching times and all the arrivals of 𝜏1 between 𝐼𝑝 and 𝐼𝑞 . As shown in Fig. 5, SWEAKCrossover
then generates the offspring 𝐼 ′𝑝 and 𝐼 ′𝑞 as follows: 𝐼 ′𝑝 = (0.007, 0.011, 0.001, (𝜏1, 5), . . ., (𝜏2, 8), . . .,
(𝜏3, 4), . . ., (𝜏3, 20)) and 𝐼 ′𝑞 = (0.008, 0.010, 0.001, (𝜏1, 4), . . ., (𝜏2, 10), . . ., (𝜏3, 6), (𝜏3, 15)). The shaded
(resp. unshaded) cells in Fig. 5 indicate which context switching times and task arrivals in child 𝐼 ′𝑞
(resp. 𝐼 ′𝑝 ) come from which parent.

Mutation. SWEAK uses a heuristic mutation algorithm called SWEAKMutation. For a solution 𝐼 ,
SWEAKMutationmutates the context switching times or the𝑘th task arrival time 𝑎𝑖,𝑘 of an aperiodic
task 𝜏𝑖 with amutation probability. Regarding the context switching times, SWEAKMutation chooses
a new time value from the range of each context switching time, i.e., startup 𝜆𝑠 , exit 𝜆𝑥 , and IPI 𝜆𝑝
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times. Regarding arrivals of an aperiodic task 𝜏𝑖 , SWEAKMutation chooses a new arrival time value
𝑎𝑖,𝑘 based on the [𝑇𝑚𝑖𝑛𝑖 ,𝑇𝑚𝑎𝑥𝑖 ] inter-arrival time range of 𝜏𝑖 . If a mutation of the 𝑘th arrival time of
𝜏𝑖 does not affect the validity of the 𝑘+1th arrival time, the mutation operation ends. Specifically, let
𝑎∗
𝑖,𝑘

be a mutated value of 𝑎𝑖,𝑘 . In case 𝑎𝑖,𝑘+1 ∈ [𝑎∗𝑖,𝑘 +𝑇
𝑚𝑖𝑛
𝑖 , 𝑎∗

𝑖,𝑘
+𝑇𝑚𝑎𝑥𝑖 ], SWEAKMutation returns

the mutated 𝐼 solution.
After mutating the 𝑘th arrival time 𝑎𝑖,𝑘 of a task 𝜏𝑖 in a solution 𝐼 , if the 𝑘+1th arrival becomes

invalid, SWEAKMutation corrects the remaining arrivals of 𝜏𝑖 . We denote by 𝑎∗
𝑖,𝑘

the mutated 𝑘th
arrival time of 𝜏𝑖 . For all the arrivals of 𝜏𝑖 after 𝑎∗𝑖,𝑘 , SWEAKMutation first updates their original
arrival time values by adding the difference 𝑎∗

𝑖,𝑘
− 𝑎𝑖,𝑘 . Let T = [0, t] be the scheduling period.

SWEAKMutation then removes some arrivals of 𝜏𝑖 if they are mutated to arrive after t or adds new
arrivals of 𝜏𝑖 while ensuring that all tasks arrive within T.

Given the offspring presented in Fig. 5, SWEAKMutation, for example, mutates a child solution
𝐼 ′𝑞 = (0.008, 0.010, 0.001, (𝜏1, 4), (𝜏1, 8), (𝜏1, 16), . . ., (𝜏3, 15)). Let [𝑇𝑚𝑖𝑛1 ,𝑇𝑚𝑎𝑥1 ] = [2, 8] be the inter-
arrival time range of task 𝜏1, let T = [0, 22) be the time period during which APSSimulator receives
task arrivals, and let us assume SWEAKMutation selects the second arrival of task 𝜏1, i.e., (𝜏1, 8) in
Fig. 5, to mutate. Based on the inter-arrival time range of 𝜏1, SWEAKMutation randomly chooses a
new arrival time, e.g., 6, for the second arrival of 𝜏1. The third arrival (𝜏1, 16) of 𝜏1 then becomes
invalid due to the mutated second arrival (𝜏1, 6), i.e., 𝜏1 cannot arrive at time 16 because 16 ∉

[6 + 2, 6 + 8], where [𝑇𝑚𝑖𝑛1 ,𝑇𝑚𝑎𝑥1 ] = [2, 8]. According to the correction procedure described above,
the third arrival of 𝜏1 is modified to (𝜏1, 14) as 14 = 16 + (6 − 8), where 16, 6, and 8 are, respectively,
the original third arrival time of 𝜏1, the mutated second arrival time of 𝜏1, and the original second
arrival time of 𝜏1. As APSSimulator can receive new arrivals of 𝜏1 after time 14, SWEAKMutation
may add new arrivals of 𝜏1 based on its inter-arrival time range.
Note that for a system that consists of only periodic tasks, SWEAK will search for effective

test cases by varying context-switching times without changing sequences of task arrivals since
periodic tasks will follow the same arrival patterns (see Section 3).

4.2 Simulation
The objective of the simulation step is to produce schedule scenarios and a labeled dataset (training
dataset). SWEAK uses a scheduling simulation technique to produce schedule scenarios since
such a simulation technique can generate a large number of schedule scenarios at a lower cost
compared to the cost required to run an actual system. Further, simulation enables analyzing the
tasks based on task descriptions at early design stages when their actual code is not yet available.
Hence, simulation techniques have been used in many prior studies [14, 47, 48, 50, 57]. Based on
simulation results, we generate a labeled data set for the learning step (described in Section 4.3).
APSSimulator. A schedule simulator, named APSSimulator, simulates the behavior of APS

according to the characteristics described in Section 2. We note that APSSimulator is our extension
of the industrial APS simulator provided by BlackBerry. Our extension is mainly about applying
the adapter pattern [33] to integrate the industrial APS simulator into SWEAK. Hence, below, we
describe the interfaces (i.e., inputs and outputs) of APSSimulator, which need to be considered when
adapting SWEAK to integrate with another scheduling simulator, which simulates, for example,
different APS policies [2, 17, 56]. For more details about APS developed by BlackBerry, we refer
readers to the APS user’s guide [15]. As input, APSSimulator takes a feasible solution 𝐼 , which
contains sequences𝐴 of task arrivals for a set Γ of tasks, context switching times (startup 𝜆𝑠 , exit 𝜆𝑥 ,
IPI 𝜆𝑝 ), and a set𝑊 of WCET values of the tasks. For a sequences 𝐴 of task arrivals, APSSimulator
calculates when each task arrival will be completed given the context switching times in a solution
𝐼 and a set𝑊 of WCET values, as well as APS configurations, e.g., the time window for partitioning
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Fig. 6. An overview of the learning step.

and the timeslice for Round-Robin. We set the APS configuration values following the guidelines
provided by BlackBerry. As output, a simulation result is encoded into a schedule scenario 𝑆 (see
Section 3).

Generating a labeled dataset. SWEAK requires a labeled dataset as it uses a supervised learning
technique [62] to infer a model that predicts safe WCET ranges. Importantly, engineers want to
have a certain level of confidence about our prediction results, i.e., safe WCET ranges. To this end,
SWEAK applies logistic regression to enable a probabilistic interpretation of the prediction results.
In our context, a prediction model, inferred from a given labeled dataset, captures the relationship
between tasks’ WCET values and the schedulability of the tasks. The detailed learning step is
explained in Section 4.3.
A labeled dataset, denoted by #»

𝐿 , is a list of tuples (𝑊, ℓ), where𝑊 is a set of WCET values,
and ℓ is the label indicating the schedulability of a schedule scenario resulting from𝑊 . SWEAK
generates a tuple (𝑊, ℓ) for each APSSimulator run. For example, when SWEAK evaluates a feasible
solution 𝐼 during search (Section 4.1), it appends 𝑛𝑠 tuples (𝑊, ℓ) to the labeled dataset #»

𝐿 . To
evaluate a solution 𝐼 , SWEAK runs APSSimulator 𝑛𝑠 times with the sampled sets of WCET values,
i.e., {𝑊1,𝑊2, ...𝑊𝑛𝑠 }. Each set𝑊ℎ consists of a set of tuples (𝜏𝑖 ,𝐶𝑖 ), where 𝐶𝑖 is a randomly selected
WCET value within the range [𝐶𝑚𝑖𝑛𝑖 , 𝐶𝑚𝑎𝑥𝑖 ] of 𝜏𝑖 ∈ Γ. Given a feasible solution 𝐼 and a set𝑊ℎ of
WCET values, APSSimulator produces a schedule scenario 𝑆ℎ . SWEAK then labels ℓ as safe when
the schedule scenario 𝑆ℎ satisfies all the deadline constraints of the target tasks in Γ𝛿 ; otherwise, it
labels ℓ as unsafe. Since schedule scenarios vary across test cases, the labeled dataset #»

𝐿 can contain
tuples that have different labels for the same set𝑊 of WCET values.

4.3 Learning logistic regression model
The objective of the learning step is to estimate safe ranges of WCET values under which target
tasks are likely to be schedulable. To achieve the objective, SWEAK builds a model to predict safe
WCET ranges using logistic regression [45]. This technique provides a probabilistic interpretation
and enables trade-off analysis when making implementation decisions about safe WCET ranges.
Fig. 6 shows the overall process of the learning step. We note that SWEAK’s learning step adapts
the learning step of our previous work [50] to account for weakly hard deadline constraints
and an industrial simulator, i.e., APSSimulator. We describe the learning step of SWEAK in the
following order: feature reduction, imbalance handling, model refinements (including sampling
and simulation), and selecting WCET ranges.
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Fig. 7. A logistic regression model in the WCET space of two tasks 𝜏1 and 𝜏2.

Feature reduction. Given the training data #»
𝐿 obtained from the search step, the feature

reduction procedure generates an equation 𝑓 for logistic regression. Logistic regression builds a
prediction model by inferring coefficients of a given equation 𝑓 . The equation 𝑓 is formulated
with the WCET variables of the tasks in Γ recorded in our dataset #»

𝐿 . Some WCET variables have
significant effects in predicting whether the label is safe or unsafe, while other variables do not.
Therefore, eliminating insignificant variables is needed to reduce computational complexity and
increase model accuracy.
SWEAK applies a feature reduction technique based on random forest that has widely been

used for dimensionality reduction [43, 59]. Given the labeled dataset #»
𝐿 , random forest builds a

large number of decision trees to predict a label, i.e., either safe or unsafe in our case, using a
randomly selected subset of WCET variables. The technique then derives the importance of each
variable based on Gini impurity [19]. SWEAK selects a set 𝑉 of important variables that are above
a particular threshold. Note that we describe the parameter values for our feature reduction in
Section 5.5. Given important variables in𝑉 , SWEAK formulates an equation 𝑓 for logistic regression
using a second-order polynomial response surface model (RSM) [46] as follows:

log
𝑝

1 − 𝑝 = 𝑐0 +
|𝑉 |∑︁
𝑖=1

𝑐𝑖𝑣𝑖 +
|𝑉 |∑︁
𝑖=1

𝑐𝑖𝑖𝑣
2
𝑖 +

|𝑉 |−1∑︁
𝑖=1

|𝑉 |∑︁
𝑗=𝑖+1

𝑐𝑖 𝑗𝑣𝑖𝑣 𝑗

where 𝑣𝑖 , 𝑣 𝑗 ∈ 𝑉 , 𝑝 is the probability of violating deadline constraints, and 𝑐0, 𝑐𝑖 , 𝑐𝑖𝑖 , and 𝑐𝑖 𝑗 are
the coefficients that will be inferred by logistic regression. Hence, the probability 𝑝 of violating
deadline constraints is defined as follows:

𝑝 =
1

1 + 𝑒−(𝑐0+
∑|𝑉 |

𝑖=1 𝑐𝑖 𝑣𝑖+
∑|𝑉 |

𝑖=1 𝑐𝑖𝑖 𝑣
2
𝑖
+∑|𝑉 |−1

𝑖=1
∑|𝑉 |

𝑗=𝑖+1 𝑐𝑖 𝑗 𝑣𝑖 𝑣𝑗 )

In addition, SWEAK applies stepwise AIC (Akaike Information Criterion) [76] to the equation 𝑓
to eliminate terms that do not significantly help predict the label. This enables logistic regression
of SWEAK to predict only the coefficients of significant explanatory terms in 𝑓 . Since SWEAK
requires building logistic regression models multiple times within a time budget, and these models
are computationally expensive, stepwise AIC allows SWEAK to execute more efficiently.

Imbalance handling. The performance of supervised machine learning highly depends on the
training dataset #»

𝐿 . As #»
𝐿 is generated by the search step that aims to find effective test cases (see

Section 4.1) with respect to violating deadline constraints, it tends to be imbalanced, containing
more sets of WCET values that result in violating deadline constraints. In general, imbalanced data
likely lead to unsatisfactory results when relying on supervised machine learning. SWEAK handles
the imbalance problem as described below.
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SWEAK builds an initial model 𝑚 from the training dataset #»
𝐿 and the equation 𝑓 . Logistic

regression estimates a probability of violating deadline constraints for given tasks’ WCET values.
For example, Fig. 7 shows a model𝑚 in the WCET space of two tasks 𝜏1 and 𝜏2. The gray area in
Fig. 7 represents the model area where the probability of violating deadline constraints is within
the range [0.0001, 0.9999]. Given WCET ranges, a border can be defined by selecting a probability
of violating deadline constraints dividing safe and unsafe areas. SWEAK automatically selects a
probability 𝑝𝑢 that maximizes the unsafe area, while ensuring that all the data instances in the
unsafe area are classified as unsafe, i.e., no false negative (see the area above the border indicated
by 𝑝𝑢 = 0.99 in Fig. 7). SWEAK then calculates reduced WCET ranges [𝐶𝑚𝑖𝑛𝑖 , 𝐶′𝑖 ], where 𝐶

′
𝑖 is

the intercept between the WCET axis of 𝜏𝑖 and the WCET border determined by the probability
𝑝𝑢 (see the red dashed line in Fig. 7). The more balanced dataset #»

𝐿 𝑏 is produced by pruning the
data instances outside the reduced WCET ranges. Note that 𝐶′𝑖 is equal to 𝐶

𝑚𝑎𝑥
𝑖 when there is no

intercept for a task 𝜏𝑖 .
Model refinements. Given the balanced dataset #»

𝐿 𝑏 and the equation 𝑓 , SWEAK builds a logistic
regression model𝑚. SWEAK then finds a probability 𝑝𝑠 that maximizes the safe area, while ensuring
that all the data instances within the safe area are classified as safe with no false positive. Note that
𝑚 and 𝑝𝑠 determine a safe border that distinguishes safe and unsafe areas (see the solid line in Fig. 7).
More precisely, a safe border is defined by the equation 1/(1 + 𝑒−𝑓𝑚 ) = 𝑝𝑠 , where 𝑓𝑚 denotes the
function 𝑓 with the coefficients’ values determined by𝑚 (see the RSM coefficients described earlier).
The safe area defined by 1/(1 + 𝑒−𝑓𝑚 ) < 𝑝𝑠 contains only safe WCETs, while for any probability
𝑝𝑜 > 𝑝𝑠 , the area defined by 1/(1 + 𝑒−𝑓𝑚 ) < 𝑝𝑜 contains both safe and unsafe WCETs. To improve
the safe border, SWEAK refines it using a distance-based sampling method that adds more WCET
samples around the safe border (described in our previous work [50]). The sampled WCET values
are evaluated and labeled by the simulation step using the test cases obtained from the search step.
These simulation results are included into a new labeled dataset #»

𝐿 𝑛𝑒𝑤 . SWEAK then rebuilds the
safe border after merging #»

𝐿 𝑏 with #»
𝐿 𝑛𝑒𝑤 using logistic regression. This refinement is repeated until

either reaching the specified number of refinements (i.e., assigned analysis budget) or reaching
an acceptable level of precision of the safe border using a standard 𝑘-fold cross-validation [74]. In
the cross-validation process, SWEAK first partitions the merged dataset into 𝑘 equal-size folds.
SWEAK builds and evaluates logistic regression models 𝑘 times. Each time, SWEAK uses a different
fold as the test dataset and the remaining 𝑘 − 1 folds as the training dataset. From the 𝑘 evaluations,
SWEAK computes the accuracy of the safe border determined by a logistic regression model𝑚 and
a probability 𝑝𝑠 .
Selecting WCET ranges. Given a safe border, safe WCET ranges are then determined by

selecting one point on that border. A safe border represents a set of points that represents the
upper bounds of safe WCET ranges. Engineers thus can find safe WCET ranges by choosing one
appropriate point on a safe border depending on their system requirements. For example, if a
black dot on the safe border in Fig. 7 is the selected point, i.e., [𝐶1,𝐶2], the safe WCET ranges
become [𝐶𝑚𝑖𝑛1 ,𝐶1] and [𝐶𝑚𝑖𝑛2 ,𝐶2]. However, engineers may not have proper contextual information
to select a point at early design stages. Hence, SWEAK suggests a point, named best-size point,
on a safe border that maximizes the volume of the WCET ranges. The best-size point with the
largest volume provides engineers with more relaxed objectives for tasks’ execution times when no
domain-specific information can guide such decision. In addition, the inferred safe border provides
engineers with the ability to select another point through trade-off analysis between tasks’ WCET
values.
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5 EVALUATION
In this section, we evaluate SWEAK by answering three research questions below. We do so by
applying SWEAK to an industrial study subject from the satellite domain and several synthetic
study subjects. All experiment results can be found online [49].

5.1 Research questions
RQ1. (baseline comparison): How does SWEAK fare against a baseline relying on random search?
In general, comparing a search-based approach against a baseline, i.e., random search, is important
to determine if the search problem indeed requires sophisticated search algorithms [7, 40]. In
addition, SWEAK is the first attempt to automatically estimate probabilistic safe WCET ranges for
weakly hard real-time systems. Hence, we compare SWEAK and a baseline built on random search
to see if SWEAK can infer significantly better WCET options than the baseline with respect to
their confidence levels and best-size points (defined in Section 4.3). Note that due to the complexity
introduced by uncertainties in task arrivals, context switching, adaptive partitioning, and multiple
cores, finding optimal solutions in reasonable time is infeasible. Hence, the baseline approach built
on random search serves as our best alternative solution.

RQ2. (probabilistic interpretation): Can we rely on predicted probabilities from logistic regres-
sion? During the design stage, engineers tend to be conservative when determining safe WCET
ranges and probabilities of violating deadline constraints as these determine objectives for tasks’
implementations. Recall from Section 4.3 that SWEAK employs logistic regression to infer such
probabilities. We investigate the probabilities predicted by SWEAK by comparing them with those
obtained from a large number of simulations with different WCET values within the estimated
WCET ranges. Given the same WCET ranges, our conjecture is that SWEAK infers higher or
similar probabilities of violating deadline constraints compared to simulation-based probabilities,
as SWEAK relies on fine-tuning of the logistic regression step.

RQ3. (scalability): Can SWEAK find safe WCET ranges for large-scale systems within a practical
time budget? It is challenging to estimate acceptable WCET ranges for large-scale systems because
of complex task interactions caused by combinations of arrival sequences, priorities, context
switching times, and WCET values. To assess the scalability of SWEAK in terms of execution time,
we use a large number of synthetic systems that are generated with various characteristics.

5.2 Synthetic systems
A synthetic system is an artificially generated system accounting for the characteristics of

real-time tasks that reflect actual systems in the real world. Synthetic systems are used in many
real-time system studies [28–30, 36, 69, 77] to evaluate approaches while being able to fully control
and vary systems’ characteristics, thus assessing their impact on results. Algorithm 2 describes
a procedure for generating a synthetic system by varying the key task parameters (lines 1-13).
Note that the algorithm is developed based on our prior approach for evaluating SAFE and the
guidelines provided by BlackBerry to account for weakly hard deadline constraints and adaptive
partitions. Briefly, the algorithm synthesizes a set of periodic tasks (lines 18-24) and sets some tasks
to have weakly hard deadline constraints (lines 25-26). The algorithm then modifies the system
as follows: (1) converting some tasks to aperiodic tasks (lines 27-28), (2) transforming some tasks’
WCET values into WCET ranges (lines 29-31), and (3) configuring partitions and assigning tasks to
each partition (lines 32-33).

As shown in line 18 of Algorithm 2, the algorithm first creates a set U of task utilization values
using the UUniFast-Discard algorithm [28], which is devised to generate an unbiased distribution
of task utilization values. The UUniFast-Discard algorithm takes as input the number 𝑛 of tasks to
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Algorithm 2:An algorithm for generating synthetic systems including weakly hard real-time
tasks and APS partitions.

1 Input 𝑛: number of real-time tasks
2 Input 𝑢𝑡: target utilization of the system
3 Input 𝑇min: minimum task period
4 Input 𝑇max: maximum task period
5 Input 𝑔: granularity of task periods
6 Input 𝜃: maximum offset value
7 Input 𝛾: ratio of aperiodic tasks
8 Input 𝜇: range factor to determine inter-arrival times
9 Input 𝜔: number of tasks having WCET ranges
10 Input 𝜆: range factor to determine WCET ranges
11 Input 𝜌: number of partitions
12 Input (𝑚,𝐾 ): deadline constraint
13 Input 𝑛𝑤: number of weakly hard real-time tasks
14 Output Γ: set of tasks
15
16 Γ ← {}, C← {}
17 // synthesize a set of periodic tasks
18 U← UUniFast_discard (𝑛,𝑢𝑡 ) // task utilizations
19 T← generate_task_set (𝑛,𝑇min,𝑇max , 𝑔) //task periods
20 // determine WCETs
21 for each 𝑖 ∈ [1, 𝑛] do
22 C ← C ∪ {𝑈𝑖 ·𝑇𝑖 }, where 𝑈𝑖 ∈ U and 𝑇𝑖 ∈ T
23 end for
24 Γ ← generate_task_periods (T,C, 𝜃, 𝑔)
25 // select weakly hard real-time tasks
26 Γ ← set_deadline_constraints (Γ, 𝑛𝑤, (𝑚,𝐾 ) )
27 // convert some tasks to aperiodic tasks
28 Γ ← convert_to_aperiodic_tasks (Γ, 𝛾, 𝜇 )
29 // convert some WCET values to WCET ranges
30 // default argument 𝜆 = undefined
31 Γ ← convert_to_WCET_ranges (Γ, 𝜔, 𝜆)
32 // assign partitions and partition budgets
33 Γ ← assign_partitions (Γ, 𝜌 )
34 return Γ

be synthesized and a target utilization value 𝑢𝑡 of the system. It then outputs 𝑛 utilization values,
{𝑈1, . . .,𝑈𝑛}, where 0 < 𝑈𝑖 < 1 for all𝑈𝑖 and

∑𝑛
𝑖=1𝑈𝑖 = 𝑢

𝑡 . The maximum value of target utilization
𝑢𝑡 relies on the number of processing cores, i.e., the maximum target utilization is equal to the
number of processing cores. For example, if a system uses two processing cores, the maximum
value of 𝑢𝑡 is 2.

On line 19, the algorithm generates𝑛 task periods,𝑇1 . . . 𝑇𝑛 according to a log-uniform distribution
within a range [𝑇𝑚𝑖𝑛,𝑇𝑚𝑎𝑥 ], i.e., log 𝑇𝑖 follows a uniform distribution. For example, when a period
range [𝑇𝑚𝑖𝑛,𝑇𝑚𝑎𝑥 ] is [10ms, 1000ms], the algorithm generates approximately an equal number
of tasks in the period ranges [10ms, 100ms] and [100ms, 1000ms]. The parameter 𝑔 is used to
determine the granularity of period values to be multiples of 𝑔. Lines 21-23 of Algorithm 2 describe
how the algorithm synthesizes tasks’ WCET values C. Specifically, for each task 𝜏𝑖 , the algorithm
computes its WCET value 𝐶𝑖 as𝑈𝑖 ·𝑇𝑖 .
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Given the task periods T and the WCET values C, line 24 of Algorithm 2 synthesizes a set Γ of
periodic tasks with their offsets, priorities, and deadlines. Recall from Section 3 that a periodic
task 𝜏𝑖 is characterized by a period 𝑇𝑖 , a WCET 𝐶𝑖 , an offset 𝑂𝑖 , a priority 𝑃𝑖 , and a deadline 𝐷𝑖 .
A task offset 𝑂𝑖 is randomly selected from an input range [0, 𝜃 ] of offset values. The algorithm
applies a rate-monotonic scheduling policy [52] to assign task priorities, in which tasks that have
longer periods are given lower priorities. This policy assumes that task deadlines are equal to their
periods.
Given the system Γ, line 26 assigns the (𝑚,𝐾)-constraint (defined in Section 3) to 𝑛𝑤 tasks to

make them weakly hard real-time tasks. Note that real-time tasks in a system can have different
deadline constraints, supported by SWEAK. However, to investigate the impact of different (𝑚,𝐾)-
constraints in a controlled setting, we set the𝑛𝑤 tasks to be subjected to the same deadline constraint
(see Section 5.4). We select the 𝑛𝑤 tasks from the lowest priority tasks as they have higher chances
of missing deadlines compared to higher priority tasks.

Line 28 selects some periodic tasks and converts them into aperiodic tasks according to the ratio 𝛾
of aperiodic tasks. The algorithm then uses a range factor 𝜇 to determine theminimum andmaximum
inter-arrival times of the aperiodic tasks. Specifically, for a task 𝜏𝑖 to be converted, the algorithm
computes a range [𝑇𝑚𝑖𝑛𝑖 ,𝑇𝑚𝑎𝑥𝑖 ] of inter-arrival times as [𝑇𝑚𝑖𝑛𝑖 ,𝑇𝑚𝑎𝑥𝑖 ] = [𝑇𝑖 × (1 − 𝜇),𝑇𝑖 × (1 + 𝜇)],
where 𝜇 ∈ (0, 1). For example, if 𝜇 = 0.45 and 𝑇𝑖 = 50 for a task 𝜏𝑖 to be converted, [𝑇𝑚𝑖𝑛𝑖 ,𝑇𝑚𝑎𝑥𝑖 ] =
[27.5, 72.5]. For the converted aperiodic tasks, we set their offsets to 0, i.e., 𝑂𝑖=0 as the offsets are
replaced by the tasks’ inter-arrival times (see Section 3).

To synthesize tasks’ WCET ranges, line 31 randomly selects 𝜔 tasks in Γ to convert their WCET
point values into WCET ranges. When the range factor 𝜆 is defined, the algorithm computes the
WCET ranges by applying 𝜆 to the selected tasks. More precisely, for a selected task 𝜏𝑖 ∈ Γ, the
algorithm computes a WCET range [𝐶𝑚𝑖𝑛𝑖 ,𝐶𝑚𝑎𝑥𝑖 ] as [𝐶𝑚𝑖𝑛𝑖 ,𝐶𝑚𝑎𝑥𝑖 ] = [𝐶𝑖 × (1 − 𝜆),𝐶𝑖 × (1 + 𝜆)],
where 0 < 𝜆 < 1. When the range factor 𝜆 is undefined, the algorithm selects a range factor 𝜆𝑖 for
each task 𝜏𝑖 ∈ Γ from a log-uniform distribution in the range (0, 1). Each WCET range [𝐶𝑚𝑖𝑛𝑖 ,𝐶𝑚𝑎𝑥𝑖 ]
for 𝜏𝑖 is then determined according to [𝐶𝑖 × (1 − 𝜆𝑖 ), 𝐶𝑖 × (1 + 𝜆𝑖 )]. For example, if 𝜆1 = 0.25 and
𝐶1 = 10 for a task 𝜏1, [𝐶𝑚𝑖𝑛1 ,𝐶𝑚𝑎𝑥1 ] = [7.5, 12.5]. This procedure results in a system having a small
number of tasks with large WCET ranges and a large number of tasks with small WCET ranges.
Note that we discard the invalid cases where the minimum WCET is equal to 0 or the maximum
WCET is greater or equal to its deadline, i.e., 𝐶𝑚𝑖𝑛𝑖 = 0 or 𝐶𝑚𝑎𝑥𝑖 >= 𝐷𝑖 .

Regarding APS partitioning, line 33 assigns tasks to partitions. The algorithm creates 𝜌 partitions
and assigns evenly distributed partition budgets. For example, when 𝜌=2, the budget distribution is
[50%, 50%]. If 𝜌=3, the budget distribution is [34%, 33%, 33%]. The algorithm then randomly assigns
tasks to partitions. Each partition must have at least one task, and a task can be assigned to only
one partition.

5.3 Study subjects
To address RQ1 and RQ2, we use four case study subjects: ESAIL [50] (an industrial real-time
system) and three synthetic systems. We note that, due to confidentiality, we were not able to obtain
access to the actual weakly hard real-time systems developed by BlackBerry’s customers, who use
QNX Neutrino with APS. However, the synthetic systems used in our experiments are realistic and
representative as they are based on BlackBerry’s guidelines and employ the industrial APS policy.
Regarding RQ3, we use a large number of synthetic systems generated by controlling parameters
in Algorithm 2 (See Section 5.4). The full descriptions of the systems are available online [49]. We
further describe the details of the systems below.
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ESAIL is a commercial microsatellite developed by LuxSpace that tracks the movements of ships
over the entire globe. The ESAIL management system is made up of 12 periodic tasks and 13
aperiodic tasks working on a single core platform with one partition. During the design stages,
these tasks were analyzed their WCETs as ranges. Regarding deadline constraints, five aperiodic
tasks are considered weakly hard real-time tasks while the other tasks are hard real-time tasks.
To generate three synthetic systems for RQ1 and RQ2, we first create a base system using

Algorithm 2. The base system is generated with the following parameter values: (1) the number of
tasks 𝑛 = 25, the ratio of aperiodic tasks 𝛾 = 0.5, the range factor to determine inter-arrival times 𝜇
= 0.25, and the maximum offset 𝜃 = 0. These settings were decided based on the characteristics of
ESAIL. (2) the minimum task period 𝑇𝑚𝑖𝑛 = 10ms, the maximum task period 𝑇𝑚𝑎𝑥 = 1s, and the
granularity 𝑔 = 10ms. These are commonly used in real-time systems [9]. (3) the target utilization
𝑢𝑡 = 0.9 for a single-core platform. This was decided to ensure the tasks sometimes miss their
deadlines [31]. (4) Regarding the number of APS partitions, we set 𝜌 = 1. This was decided for the
base system to be simple so that it can easily be converted to other synthetic systems. (5) Regarding
deadline constraints, we set the 10 lowest priority tasks to be weakly hard real-time tasks (i.e., 𝑛𝑤
= 10). The (𝑚,𝐾)-constraint of these 10 tasks was set to (0, 10), i.e., hard deadline constraint. It will
subsequently be changed in our experiments (see Section 5.4) to account for weakly hard deadline
constraints, i.e.,𝑚 > 0. (6) For WCET ranges, we set the number 𝜔 of tasks with WCET ranges
to 25 and the range factor 𝜆 for determining WCET ranges to undefined (see Algorithm 2). Recall
from Section 5.2 that this configuration creates a system with a small number of tasks having large
WCET ranges and a large number of tasks having small WCET ranges, aligning with the WCET
characteristics of ESAIL.
Given the base system Γ, we synthesize the three systems described below by modifying Γ to

account for the characteristics of APS following the guidelines from BlackBerry. These synthetic
systems enable us to evaluate SWEAK in different operational settings of APS.

• PARTITION: This system has two APS partitions with 60% and 40% budgets. For efficient
scheduling, a partition budget should be enough to execute all tasks in the partition. We thus
assign tasks to each partition so that each partition budget is close to the total utilization of the
tasks in the partition. In our evaluation, 19 tasks with high priorities in Γ are assigned to the
first partition. The remaining six tasks are assigned to the second partition.
• POLICY: This system contains two pairs of tasks with the same priority. To make a pair, we
randomly select two tasks from the given system Γ and assign the same priority and scheduling
policy to the selected tasks. One pair applies FIFO. The other pair uses Round-Robin.
• MULTICORE: This system works on a two-core platform and assigns core affinities to some
tasks. To make this system, we multiply WCET values (as well as the WCET ranges) by two for
all tasks in Γ to make the total utilization ≈1.8. Recall that the maximum total utilization of a
system is equal to the number of cores. We then assign core affinity to tasks using a random
selection. For this system, we assign core 1 affinity to eight tasks, core 2 affinity to the other
eight tasks, and no core affinity to the remaining nine tasks.

5.4 Experimental design
To answer the three RQs described in Section 5.1, we design three experiments EXP1, EXP2, and
EXP3, respectively. We conduct EXP1 and EXP2 with the four case study subjects described in
Section 5.3: ESAIL, PARTITION, POLICY, and MULTICORE. For EXP3, we experiment with 600
synthetic systems with different parameter settings. We describe each experiment in detail below.
EXP1. To answer RQ1, we implement a baseline approach (named Baseline) that uses random

search without the learning step in SWEAK. Baseline’s random search is a variant of the search
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step in SWEAK that does not use genetic operators, i.e., selection, crossover, and mutation, to breed
offspring (see Section 4.1). Instead, Baseline generates offspring randomly for the next generation
and evaluates them with the same multi-objective fitness functions as SWEAK. During search, a
labeled dataset #»

𝐿 is produced by Baseline, which contains tuples (𝑊, ℓ) where𝑊 is a set of tasks’
WCET values and ℓ is the label that classifies the simulation result with𝑊 as safe or unsafe. Once
the labeled dataset #»

𝐿 is obtained, Baseline retrieves all tuples from #»
𝐿 to select a specific tuple

(𝑊𝑠 , ℓ𝑠 ) that is safe (i.e., ℓ𝑥 = safe) and maximizes the volume of the hyperbox defined by𝑊𝑠 . Note
that𝑊𝑠 should satisfy the condition that any tuple (𝑊𝑥 , ℓ𝑥 ) contained in the hyperbox defined by
𝑊𝑠 be safe, i.e, ℓ𝑥 = safe.

EXP1 compares the results obtained from SWEAK against Baseline. Recall from Section 4.3
that SWEAK suggests safe WCET ranges on the safe border by selecting a best-size point that
maximizes its volume of the hyperbox. Since both SWEAK and Baseline return best-size points, the
comparison can be done by measuring the best-size volumes. To analyze the relationship between
deadline constraints and best sizes, we apply both approaches to the subjects with different deadline
constraints (𝑚𝑖 , 𝐾𝑖 ), where𝑚𝑖 is the number of tolerable deadline misses and 𝐾𝑖 is the time window
to check the deadline constraint (see Section 3). To do this, we vary𝑚𝑖 from 0 to 4, with a fixed 𝐾𝑖
(10) by assuming that all tasks in a subject are subjected to the same deadline constraint; hence,
EXP1 uses 4 × 5 synthetic systems (i.e., ESAIL, PARTITION, POLICY, and MULTICORE with five
different deadline constraints). Note that we do not vary 𝐾𝑖 because it does not affect the results.

EXP2. To answer RQ2, EXP2 calculates the empirical probability of violating deadline constraints
for the safe WCET ranges obtained from SWEAK. To this end, we first randomly sample multiple
test cases, defining task arrivals and context switching times, and execution times within the safe
WCET ranges obtained from each approach. We then simulate many combinations of the test
cases and execution times using APSSimulator and check for the presence of violating deadline
constraints in each simulation result. The empirical probability is calculated as the number of
simulations that violate deadline constraints over the number of all simulation runs. We simulate
40000 times to compute the empirical probability of safe WCET ranges obtained by SWEAK and
Baseline. In addition, we conduct EXP2 by varying the number𝑚𝑖 from 0 to 4 tolerable deadline
misses to investigate the impact of deadline constraints.
EXP3. To answer RQ3, we conduct EXP3 to assess the execution time of SWEAK using 600

synthetic systems with different system characteristics using Algorithm 2. EXP3 varies each system
parameter value while fixing the other parameters’ values so that we can analyze correlations
between the execution time of SWEAK and the varying parameter. We generate the synthetic
systems by changing the following six parameters: (a) number of tasks, 𝑛 ∈ {5, 10, · · · , 50}, (b) ratio of
aperiodic tasks,𝛾 ∈ {0.05, 0.10, · · · , 0.50}, (c) number ofWCET ranges,𝜔 ∈ {1, 2, · · · , 10}, (d) number of
processing cores, 𝜖 ∈ {1, 2, · · · , 10}, (e) number of APS partitions, 𝜌 ∈ {1, 2, · · · , 10}, and (f) simulation
time, t ∈ {5s, 10s, 15s, · · · , 50s}.
The number of all tasks 𝑛, the ratio of aperiodic tasks 𝛾 , the number of WCET ranges 𝜔 , and

the number of processing cores 𝜖 are selected because they are the main factors when designing
real-time systems. The number of APS partitions 𝜌 is selected as it is adjustable by APS. We also
include the simulation time t as the execution time of SWEAK obviously depends on simulation
time. We note that the total utilization of a generated synthetic system changes according to the
number of processing cores. For example, when the target utilization 𝑢𝑡 = 0.9 and the number of
cores 𝜖 = 2, the total utilization of the system becomes 1.8 (see Section 5.2).

When varying a parameter’s value, to enable controlled experiments, we fix the other parameters’
values as follows: (1) We set the number of all tasks 𝑛 = 25, the ratio of aperiodic tasks 𝛾 = 0.50,
and the maximum offset 𝜃 = 0. We set these values according to our industrial subject, ESAIL.
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(2) Regarding the task periods, we set the range [𝑇𝑚𝑖𝑛 , 𝑇𝑚𝑎𝑥 ] of minimum and maximum periods
to [10ms, 1s] with granularity 𝑔 = 10ms. These values are commonly used in many real-time
subjects [9]. (3) We set the range factor to determine inter-arrival times of aperiodic tasks 𝜇 = 0.25,
the number of WCET ranges 𝜔 = 2, the range factor to determine WCET ranges 𝜆 = 0.25, and the
target utilization per processing core 𝑢𝑡 = 0.9. The parameters’ values are determined based on
our preliminary experiments. They ensure that the executions of the synthetic systems examined
in EXP3 can sometimes violate their deadline constraints, i.e., they contain both safe and unsafe
data instances (see Section 4.3). (4) We set the number of processing cores 𝜖 and the number of
APS partitions 𝜌 equal to 1. These values are selected to build simple baseline systems. (5) For the
simulation time of APSSimulator (see Section 4.2), we assign the minimum simulation time of 5s to
guarantee that any aperiodic task arrives at least once and all possible arrivals of periodic tasks can
be analyzed during that period. Additionally, with regard to the deadline constraint, we set (𝑚,𝐾)
to (2, 10) for the ten lowest priority tasks in each system.

Due to the randomness of SWEAK, we conduct our experiments multiple times, i.e., 50 times for
EXP1 and EXP2 and 10 times for each parameter configuration of EXP3. To compare the results,
we perform a statistical comparison using the non-parametric Mann-Whitney U-test [55] and
Vargha and Delaney’s 𝐴12 [67]. The Mann-Whitney U-test is used to compare statistical differences
between two independent sample groups. We set the level of significance 𝛼 = 0.05. Vargha and
Delaney’s 𝐴12 is a measure of effect size to assess the practical significance of differences between
two search algorithms. If 𝐴12 is equal to 0.5, the two algorithms are equivalent. If 𝐴12 is close to 1,
the first algorithm is largely superior to the second algorithm.

5.5 Implementation and parameter tuning
We set the following parameter values for running SWEAK and Baseline. For the NSGA-II search
in SWEAK, we set the population size to 10, the crossover rate to 0.7, and the mutation rate to
0.2 based on existing guidelines [42]. We set the number of iterations to 1000 since we observed
that the fitness values reached a plateau after that in our preliminary experiment. To calculate
the fitness values, we ran APSSimulator 20 times for each solution (𝐼 in Section 4.1). Based on
preliminary experiments, we found that this number was sufficient to compute the fitness values
of a solution within a reasonable time period (i.e., less than 1m).
For random search in Baseline, we set the number of iterations to 1500 to ensure that Baseline

produces a dataset #»
𝐿 of the same size as SWEAK. We used the same values as SWEAK for the

population size and the number of APSSimulator runs.
To simulate study subjects, we set the simulation time to 60s for the ESAIL subject and 5s for

other synthetic subjects. Such values are determined by the following rules: (1) If a system is
composed of only periodic tasks, the simulation time is the least common multiple (LCM) of the
period values for all tasks [70]. (2) If a system contains aperiodic tasks, the simulation time is
determined as the larger value of the following two values: the LCM of the period values of the
periodic tasks and the maximum value among the maximum inter-arrival times of the aperiodic
tasks. This simulation time allows us to simulate all possible patterns of arrivals of periodic tasks
including at least one arrival of aperiodic tasks.
For each run of APSSimulator, we set the time window for partitioning to 100ms, which is the

default value of APS. The timeslice for Round-Robin is set to 4ms, and the processor tick interval is
1ms. According to the guidelines from BlackBerry, the timeslice is usually set to 4 times a processor
tick interval.
SWEAK has some parameters in the learning step for tuning feature reduction and model

refinement. Regarding the former, we employed the random forest algorithm that includes the
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following parameters: (1) The tree depth was set to
√︁
|𝐹 |, where |𝐹 | is the number of features,

following the guidelines [41]. For example, since the ESAIL subject contains 25 features (i.e., WCET
ranges), we assigned

√︁
|25| to the tree depth of the subject (see Section 4.3). (2) The number of trees

was set to 100 as we found that learning more than 100 trees did not provide further benefits for
reducing the number of features in our preliminary experiments. Regarding model refinement, we
set the number of WCET samples to 100 and the number of model updates to 100. We observed that
the precision of the model reaches an acceptable level with these parameters in our preliminary
experiments.
We note that all the parameters can be further tuned to improve the performance of SWEAK.

However, we were able to clearly and convincingly support our conclusions with the current
parameter settings mentioned above; hence, we do not report further experiments on tuning the
parameters’ values.

All experiments have been performed on nodes in the high-performance computing cluster [68]
at the University of Luxembourg. Each run of experiments was executed on a node by assigning 10
cores running at 2.6GHz and 16GB of memory.

5.6 Results
RQ1. Fig. 8 shows the results of EXP1, which compare the volumes of the hyperboxes defined by
the safe WCET ranges computed by SWEAK and Baseline. The comparisons are carried out with
five different numbers of tolerable deadline misses, 0 to 4, in deadline constraints of the following
four study subjects: ESAIL (Fig. 8a), PARTITION (Fig. 8b), POLICY (Fig. 8c), and MULTICORE
(Fig. 8d). Each boxplot in the figures shows a distribution (25%-50%-75% quartiles) obtained from
50 runs of SWEAK and Baseline. The figures also report 𝑝-values and 𝐴12 values from comparing
50 runs of SWEAK and Baseline. Note that the unit of the volumes is ms25, where the number of
tasks with WCET ranges 𝜔 = 25. Since the minimum time unit in our experiments is 0.1ms, the
minimum volume of the study subjects is 1 × 10−25ms25.

As shown in Fig. 8, SWEAK produces larger volumes of hyperboxes compared to Baseline across
all the subjects. Note that a larger hyperbox volume provides greater flexibility in selecting appro-
priate WCET values, as such a hyperbox has wider WCET ranges. Regarding deadline constraints,
for both SWEAK and Baseline, the larger𝑚, the larger the volume of the hyperbox for the following
subjects: PARTITION, POLICY, and MULTIFORE. In particular, when𝑚 = 1, the hyperbox volume
becomes much larger than that obtained when𝑚 = 0. The increase in volume is smaller when𝑚
further increases to 2, 3, and 4. This trend implies that when a deadline miss occurs, the subjects
are likely to have more consecutive deadline misses. Unlike the three subjects discussed above, the
hyperbox volumes of ESAIL are similar when the system is subjected to weakly hard deadline con-
straints (𝑚 ≥ 1), which are significantly larger than the hyperbox volumes when the hard deadline
constraint (𝑚 = 0) is applied. This trend is caused by the characteristics of ESAIL, which works on
a single core platform with one partition (see Section 5.3). Hence, the lowest priority task in ESAIL
can easily starve when a deadline violation occurs due to high priority tasks having long execution
times, which continuously occupy the processing core of ESAIL. Regarding the other study subjects,
the results show that the different operational settings of APS, i.e., adaptive partitions (Fig. 8b),
multiple policies (Fig. 8c), and multiple cores (Fig. 8d), could alleviate the problem of starvation.
Across all the subjects and deadline constraints, the experiment results obtained from SWEAK are
significantly superior to those obtained from Baseline (i.e., 𝑝-value < 0.05 and large effect sizes
of 𝐴12 ≈ 1.0) with regard to the best-sizes of safe WCET ranges. The average execution times of
SWEAK and Baseline are 9.37h and 7.55h, respectively, when both methods produce datasets of the
same size.
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(c) POLICY
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(d) MULTICORE

Fig. 8. Distributions of the hyperboxes’ volumes that are defined by the safe WCET ranges obtained from
SWEAK and Baseline for (a) ESAIL, (b) PARTITION, (c) POLICY, and (d) MULTICORE. The boxplots (25%-
50%-75%) show the hyperboxes’ volumes obtained from 50 runs of SWEAK and Baseline.

In addition, EXP1 evaluates the best-size WCET ranges obtained from 50 runs of SWEAK and
Baseline using 40000 simulation runs by varying test cases (i.e., task arrivals and context switching
times) and WCET values within the best-size WCET ranges. Table 1 shows the (maximum, median,
minimum, and average) number of simulation runs (out of 40000 runs) in which any violation of
deadline constraints occurred in the following subjects: ESAIL (Table 1a), PARTITION (Table 1b),
POLICY (Table 1c), and MULTICORE (Table 1d). Once again, we vary the number of tolerable
deadline misses𝑚 in the experiments from 0 to 4. The 𝑝-values and𝐴12 values report the differences
between the results obtained from 50 runs of both approaches.

As shown in Table 1, SWEAK is significantly better (𝑝-values are less than 0.05) with respect to
violating deadline constraints than Baseline across all values of𝑚 for the PARTITION, POLICY, and
MULTICORE subjects. The 𝐴12 values are also much lower than 0.5. Specifically, SWEAK shows
smaller variation than Baseline (i.e., the differences between maximum and minimum values) in
the number of simulation runs that violate deadline constraints. Regarding the ESAIL subject, both
SWEAK and Baseline show similar results when𝑚 = 1, 2, 3, and 4 due to the starvation of the
lowest priority task in ESAIL as discussed above. However, Baseline has a larger variation in the
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Table 1. Summary of the numbers of simulation runs that violate any deadline constraints in (a) ESAIL
(b) PARTITION, (c) POLICY, and (d) MULTICORE. EXP1 ran 40000 simulation runs for each subject with
different test cases and WCET values within the best-size WCET ranges obtained from SWEAK and Baseline.
Each table shows the max, median, min, and average simulation runs under different deadline constraints,
i.e., the number of tolerable deadline misses𝑚 = 0, 1, 2, 3, or 4.

Number of tolerable
deadline misses (𝑚)

0 1 2 3 4

SW
EA

K

Max 19.00 0.00 0.00 0.00 0.00
Median 2.00 0.00 0.00 0.00 0.00

Min 0.00 0.00 0.00 0.00 0.00
Average 3.80 0.00 0.00 0.00 0.00

B
as
el
in
e Max 574.00 0.00 0.00 0.00 0.00

Median 0.00 0.00 0.00 0.00 0.00
Min 0.00 0.00 0.00 0.00 0.00

Average 19.24 0.00 0.00 0.00 0.00

𝑝-value 0.1269 1.0000 1.0000 1.0000 1.0000
𝐴12 0.5830 0.5000 0.5000 0.5000 0.5000

(a) ESAIL

Number of tolerable
deadline misses (𝑚)

0 1 2 3 4

SW
EA

K

Max 17.00 13.00 2.00 2.00 3.00
Median 0.00 0.00 0.00 0.00 0.00

Min 0.00 0.00 0.00 0.00 0.00
Average 2.60 0.90 0.06 0.08 0.10

B
as
el
in
e Max 409.00 333.00 128.00 180.00 345.00

Median 76.00 10.50 7.00 2.00 1.50
Min 0.00 0.00 0.00 0.00 0.00

Average 111.36 42.00 15.68 13.68 15.94

𝑝-value 0.0000 0.0000 0.0000 0.0000 0.0000
𝐴12 0.0196 0.1604 0.1280 0.1840 0.2378

(b) PARTITION

Number of tolerable
deadline misses (𝑚)

0 1 2 3 4

SW
EA

K

Max 29.00 20.00 1.00 1.00 0.00
Median 1.50 0.00 0.00 0.00 0.00

Min 0.00 0.00 0.00 0.00 0.00
Average 3.48 1.14 0.04 0.08 0.00

B
as
el
in
e Max 705.00 199.00 137.00 46.00 216.00

Median 56.00 7.00 2.50 1.00 0.00
Min 0.00 0.00 0.00 0.00 0.00

Average 125.70 18.46 15.44 7.18 15.16

𝑝-value 0.0000 0.0000 0.0000 0.0000 0.0000
𝐴12 0.1024 0.2130 0.1988 0.2316 0.3000

(c) POLICY

Number of tolerable
deadline misses (𝑚)

0 1 2 3 4

SW
EA

K

Max 146.00 73.00 7.00 21.00 5.00
Median 27.00 0.00 0.00 0.00 0.00

Min 0.00 0.00 0.00 0.00 0.00
Average 35.60 2.68 0.34 1.08 0.20

B
as
el
in
e Max 1495.00 848.00 339.00 444.00 220.00

Median 192.50 13.50 12.00 6.50 2.50
Min 0.00 0.00 0.00 0.00 0.00

Average 266.60 58.04 52.46 25.98 27.66

𝑝-value 0.0000 0.0000 0.0000 0.0000 0.0000
𝐴12 0.1320 0.0958 0.1556 0.2026 0.1972

(d) MULTICORE

number of simulation runs that violate deadline constraints when ESAIL is subjected to the hard
deadline constraint (i.e.,𝑚 = 0). The results indicate that the best-size WCET ranges computed
by SWEAK are more reliable in terms of violating deadline constraints than those computed by
Baseline.
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(a) ESAIL
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(b) PARTITION
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(c) POLICY
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(d) MULTICORE

Fig. 9. Distributions of empirical probabilities and model probabilities across different numbers of tolerable
deadline misses𝑚 in (a) ESAIL, (b) PARTITION, (c) POLICY, and (d) MULTICORE. The boxplots (25%-50%-75%)
show distributions of probabilities for the best-size WCET ranges obtained from 50 runs of SWEAK.

The answer to RQ1 is that SWEAK significantly outperforms the baseline approach with respect
to maximizing the hyperbox volume of the best-size WCET ranges under hard and weakly
hard deadline constraints. The best-size WCET ranges obtained by SWEAK have a significantly
smaller chance of violating deadline constraints than the baseline approach. SWEAK takes on
average 9.37h to compute the safe WCET ranges, while the baseline takes on average 7.53h,
which indicates that SWEAK is acceptable for use in practice as an offline analysis tool.

RQ2. Fig. 9 depicts the results of EXP2 for all subjects: ESAIL (Fig. 9a), PARTITION (Fig. 9b),
POLICY (Fig. 9c), and MULTICORE (Fig. 9d). Each sub-figure compares the model probability
(computed by SWEAK’s logistic regression) and empirical probability (computed by simulations) of
violating deadline constraints by varying the number of tolerable deadline misses𝑚. Each boxplot
in the figures shows the distributions (25%-50%-75% quartiles) of model probabilities and empirical
probabilities for the best-size WCET ranges obtained from 50 runs of SWEAK. As shown in Fig. 9,
the empirical probabilities across all values of𝑚 and all the subjects are significantly smaller than
the model probabilities. Statistical comparisons show that all the 𝑝-values are 0 and all the 𝐴12
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values are approximately 1. Recall from Section 4 that SWEAK infers a logistic regression model
with a probability of violating deadline constraints based on the labeled dataset that is generated
by evaluating the worst-case task arrivals and context switching times, i.e., test cases. SWEAK thus
infers the model that fits the worst-case test cases. However, SWEAK shows higher probabilities
than the empirical probabilities, which are computed by running simulations with random test
cases and random WCET values within the best-point WCET ranges obtained by SWEAK. Hence, a
logistic regression model produced by SWEAK allows engineers to probabilistically interpret the
safe WCET ranges in a more conservative manner than evaluating the WCET ranges by simulations.
Such results indicate that we can expect the actual probability of violating deadline constraints
to be lower than the model probability determined by SWEAK. Note that such conservative
interpretations of WCET ranges are desirable in practice.

Regarding the trend for model probabilities over the number𝑚 of tolerable deadline misses, ESAIL
(Fig 9a) shows similar probability distributions when𝑚 > 0. The probabilities in these distributions
are higher than that obtained when𝑚 = 0. This trend contrasts with that of the other three subjects
(Figs. 9b, 9c, and 9d), where model probabilities decrease with an increasing number of tolerable
deadline misses. In ESAIL, this particular trend is caused by its characteristics (Section 5.3), which
make it prone to starvation, as described earlier (see the RQ1 results). Hence, when high-priority
tasks with long execution times continuously occupy the processing core of ESAIL, low-priority
tasks with short execution times will likely encounter consecutive deadline misses due to starvation.
However, regarding the other three subjects that operate under the different settings of APS, i.e.,
adaptive partitions (Fig. 9b), multiple policies (Fig. 9c), and multiple cores (Fig. 9d), we did not
observe starvation problems that are likely to lead to consecutive deadline misses.

The answer to RQ2 is that SWEAK estimates higher probabilities of violating deadline constraints
for the safe WCET ranges than empirical probabilities computed by simulation-based evaluations
for the ranges. SWEAK, therefore, enables conservative probabilistic interpretations of safe
WCET ranges.

RQ3. Fig. 10 shows the results of EXP3 that present the distributions (boxplots) of execution
times obtained from 10 × 10 runs of SWEAK, i.e., 10 runs for each synthetic system with the same
experimental setting (see Section 5.4). The red solid lines represent the changes in mean values of
the execution times while varying the following control parameters: (a) number of tasks 𝑛, (b) ratio
of aperiodic tasks 𝛾 , (c) number of WCET ranges 𝜔 , (d) number of processing cores 𝜖 , (e) simulation
time t, and (f) number of APS partitions 𝜌 . The experiments in EXP3 took 22.1 hours at most, which
is acceptable as an offline analysis technique. As shown in Fig. 10a, Fig. 10d, and Fig. 10e, there are
positive linear relationships between SWEAK’s execution times and the parameters, 𝑛, 𝜖 , and t.
Thus, we expect SWEAK to scale well as the number of tasks, the number of processing cores, and
the simulation time increase. Further, for parameters such as 𝛾 (Fig. 10b) and 𝜌 (Fig. 10f), there is
no correlation with execution time.
In contrast, parameter 𝜔 (Fig. 10c, number of WCET ranges) is quadratically related with the

execution time of SWEAK. Recall from Section 4.3 that, to build the equation used in logistic
regression, we leverage the second-order polynomial RSM that contains linear, quadratic, and
two-way interaction terms. The total number of terms is determined by the number of WCET
ranges 𝜔 , which is 1 + 𝜔 + 𝜔 +

(
𝜔
2
)
. The logistic regression algorithm infers the coefficients for

each term of RSM and is used during the execution of SWEAK. As the execution time of logistic
regression is linearly related to the number of coefficients [45], the execution time of SWEAK is
quadratically correlated with the number of WCET ranges. Moreover, as the number of WCET
ranges 𝜔 increases, the variance of execution time becomes larger, as visible in Fig. 10c. We found
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Fig. 10. Execution times of SWEAK when varying the values of the following parameters: (a) number of
all tasks 𝑛, (b) ratio of aperiodic tasks 𝛾 , (c) number of WCET ranges 𝜔 , (d) number of processing cores 𝜖 ,
(e) simulation time t, and (f) number of APS partitions 𝜌 . Each boxplot (25%-50%-75%) shows the distributions
of 100 execution time values measured from 10 runs of SWEAK for 10 synthetic systems with the same
configuration. The red line in each figure represents the trend of mean values of the execution times over the
parameter values.

that this phenomenon occurs due to feature reduction and stepwise regression in the learning
step (see Section 4.3). These techniques output an equation consisting of terms that are considered
highly related to the violation of deadline constraints. Depending on the system characteristics, the
synthetic systems generated by setting 𝜔 = 10 have more diverse equations than those generated
with 𝜔 = 1. This output affects the execution time for sampling WCET values (distance-based) and
building logistic regression models.

The answer to RQ3 is that SWEAK’s execution time is linearly related to the number of tasks, the
number of processing cores, and the simulation time. However, execution time has a quadratic
correlation with the number of tasks whose WCETs are defined as ranges. Overall, SWEAK
is applicable in practice as an offline analysis technique since it took at most 22.1h in our
experiments, which is generally acceptable.
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Usefulness of SWEAK from the perspective of practitioners. To understand the practical
usefulness of SWEAK, we discussed it with two practitioners at Blackberry with whom we are
closely collaborating. The feedback we received is as follows: (1) practitioners perceived that the
test cases, i.e., worst-case task arrivals and context switching times, produced by SWEAK help
them conduct further analysis of their systems’ schedulability, (2) practitioners agreed that SWEAK
enables trade-off analysis by using a logistic regression model, and (3) practitioners perceived that
SWEAK can be applied to their customers’ systems since it uses an industry-strength simulator
(APS simulator) and supports weakly hard real-time tasks.

As a company that develops a real-time operating system, Blackberry has a long-term goal
of providing its customers with a schedulability analysis tool for systems with heterogeneous
characteristics such as multiple policies, partitions, and weakly hard deadline constraints. SWEAK
is a practical candidate solution as it is not only an industrial simulation-based approach but it
also addresses both tasks with hard and weakly hard deadline constraints. Although we have not
conducted user studies, given the positive feedback from Blackberry, we believe SWEAK can be
practically applicable and is worthy of further research.

5.7 Threats to validity
Internal validity. An internal validity threat is the randomness of SWEAK. To mitigate this threat,
we compared SWEAK against a baseline method under identical parameter settings, and ran both
approaches 50 times for each experiment setting. We then performed statistical comparisons using
the Mann-Whitney U-test and Vargha and Delaney’s 𝐴12.

Another threat to internal validity is related to the configuration of the experiments. As SWEAK
uses a multi-objective search algorithm, there are many parameters that need to be optimized to find
best solutions. In our experiments, we configured the parameters’ values based on guidelines [42]
and preliminary experiments (see Section 5.5). Even though, to improve the performance of SWEAK,
these values could be further tuned for different study subjects, our results clearly show that SWEAK
is a promising solution.

Regarding NSGA-II, which SWEAK employs for searching worst-case test cases, Byers et al. [21]
found that when the number of solution elements can freely evolve (i.e., variable-length genome),
the crowding distance operator of NSGA-II prioritizes solutions with fewer elements. Hence, the
search of NSGA-II is biased towards regions containing such solutions. However, in SWEAK, the
size of a test case cannot freely evolve during search. In fact, the size of a test case is bounded within
a range determined by the minimum and maximum task arrivals during the given simulation time.
Furthermore, Byers et al. [21] observed this finding from the application of NSGA-II to address the
remote data mirroring problem, which differs significantly from the problem addressed by SWEAK.
Hence, further study is needed to investigate the extent to which bounded-variable-length genomes
impact the performance of NSGA-II in general application contexts. In addition, considering other
multi-objective search algorithms [54] can be beneficial to enhance the performance of SWEAK.
Even though these research directions are interesting (but outside the scope of this article), our
results nevertheless indicate that SWEAK significantly outperforms the baseline approach and
estimates safe WCET ranges with a high degree of confidence in practical time.

External validity.Themain threat to external validity is that our results may not be generalizable
to other contexts. SWEAK explicitly targets WCET ranges that are estimated at early design stages
when actual executions of the systems are not feasible. Hence, SWEAK was evaluated with an
industrial system (i.e., ESAIL) from the satellite domain, using its task design descriptions. In
addition, we applied SWEAK to a large number of synthetic systems generated by following
BlackBerry’s guidelines to ensure they were realistic and representative. We precisely described
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the method used to generate synthetic systems (see Section 5.2). We have also made these systems
available online [49]. Even though our results, based on simulations, show that SWEAK is applicable
at early design stages for probabilistically estimating safe WCET ranges for weakly hard real-time
systems, further studies remain necessary to evaluate whether or not the estimated safe WCET
ranges are useful for engineers during later development stages, when tasks’ implementations
are available. Indeed, SWEAK is also applicable at later stages of development for testing the
schedulability of systems and for providing more precise WCET ranges. Furthermore, additional
study systems in other domains should be further investigated to evaluate the general usefulness
of SWEAK.

6 RELATEDWORKS
This section discusses previous studies on WCET estimation in real-time systems, schedulability
analysis of real-time systems with weakly hard real-time tasks, and industry-strength task sched-
ulers (e.g., APS). In addition, we discuss existing work that relies on search techniques for analyzing
real-time systems. To our knowledge, no previous work investigated the probabilistic estimation of
WCET ranges accounting for weakly hard real-time tasks and industry-strength task schedulers.

WCET estimation in real-time systems.Measurement-based methods to estimate WCETs
are widely studied [1, 10, 20, 24, 38, 73] and commonly used in practice [3]. The basic idea of such
methods is to run several task executions on the targeted hardware using various input data. To
obtain tasks’ input data, Wenzel et al. [73] proposed a method that analyzes the execution paths of
source code. Burns and Edgar [20] proposed a probabilistic WCET estimation approach that applies
statistical analysis to find worst-case input data. However, as they need executable source code and
target hardware, these approaches are only applicable for systems at later stages of development.
To not rely on target hardware when estimating WCET values, static analysis approaches [32,

39, 58, 66] have been proposed. These approaches estimate WCET values based on an abstract
model of the target hardware and software structure analysis. For example, some prior studies in
these research strands rely on models of cache behaviors [39, 58, 66] or timing models of hardware
instructions [5, 18, 37]. However, these approaches still require source code; hence, they are not
applicable at early design stages.

In contrast to the previous studies that aim at estimating the WCETs of tasks regardless of their
schedulability, SWEAK targets early stages of development, taking estimated, conservative WCET
ranges as input. SWEAK then finds restricted safe WCET sub-ranges corresponding to a probability
of violating deadline constraints, relying on a multi-objective search algorithm, simulation, feature
reduction, a dedicated sampling strategy, and logistic regression. SWEAK enables trade-off analysis
of tasks’ WCET values and allows practitioners to select an appropriate violation probability
depending on the context.

Schedulability analysis with weakly hard real-time tasks. To ensure quality of service (QoS)
in real-world systems that can tolerate occasional deadline misses, Bernat et al. [11] introduced the
concept of weakly hard real-time systems and precisely defined the concept of weakly hard deadline
constraints adopted in SWEAK. The follow-up studies [60, 75] on weakly hard real-time systems
introduced analytical methods to analyze the schedulability of weakly hard real-time systems.
Xu et al. [75] proposed a deadline miss model for computing the number of potential deadline

misses within consecutive task arrivals when a task is under unexpected overload caused by task
arrivals triggered through external events. In particular, they introduced task arrival models that
capture arrival patterns of both periodic and sporadic tasks, enabling their analysis method to
account for possible overload situations. Their analysis method relies on integer linear programming
(ILP) and works under the assumption that tasks are running on a single-core platform with the
fixed-priority preemptive or non-preemptive scheduling policy.
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Pazzaglia et al. [60] presented a schedulability analysis method for weakly hard real-time systems
by accounting for free offsets and release jitters using a mixed integer linear programming (MILP)
formulation. Their analysis method checks whether or not a task satisfies its (𝑚,𝐾)-constraint to
ensure that the task has no more than𝑚 deadline misses out of any 𝐾 consecutive arrivals. This
MILP-based method works under the assumption that a real-time system is composed of periodic
tasks scheduled by fixed-priority with preemption on a single-core platform.

In contrast to these analytical schedulability analysis methods that takes fixed WCETs as input,
SWEAK addresses the problem of probabilistically estimating safeWCET ranges that satisfy weakly-
hard deadline constraints. SWEAK relies on logistic regression, search, and an industrial scheduling
simulator, enabling it to analyze more complex systems involving uncertainties in task arrivals,
context switching time, multiple processing cores, and advanced scheduling policies such as APS.
The complex relationships among these system characteristics are difficult to capture in a (mixed)
ILP formulation.
Adaptive partitioning scheduling (APS). Due to the increasing complexity of real-time

systems, several APS approaches have been proposed [2, 17, 56]. These approaches combine global
scheduling, which allows for the free migration of tasks, and static partitioned scheduling policies.
Bletsas and Andersson [17] proposed a semi-adaptive partitioning scheduling approach that first
allocates heavy-load tasks with utilization higher than 50% to processors. The scheduling approach
then assigns the remaining tasks to the available time slots on each processor. Massa et al. [56]
designed an online adaptive partitioning scheduling approach for a selected group of tasks based
on offline analysis of their requirements. The groups are scheduled by global-like or partitioned
scheduling methods depending on system load. Abeni and Cucinotta [2] introduced an approach
that harmonizes global scheduling and static partitioned scheduling policies. The approach operates
in partitioned mode and, if a system workload is over a specified threshold, it switches to global
mode and then rapidly returns to the partitioned mode. Unlike these studies, BlackBerry provides
an RTOS (i.e., QNX Neutrino) equipped with APS that supports the dynamic partition budget
management for industrial use.

Even though the usage of APS for QNX Neutrino has been increasing, only a few schedulability
analysis studies have recently been conducted for APS [25, 26]. Dasari et al. [26] found that APS
has drawbacks in partition configurations. Hence, they provided some guidelines to help engineers
properly configure partitions. Dasari et al. [25] investigated the APS behavior in practice and
proposed a technique that verifies the end-to-end delay (i.e., schedulability) of event chains, which
are the sequences of tasks activated by events, on a real-time system using APS. The technique
employs a response time analysis of the chains at later development stages of systems containing
periodic tasks with fixed WCET values. SWEAK complements these APS-related research strands
as an analysis tool for estimating safe WCET ranges at early design stages. It helps engineers design
their systems with safe WCET ranges as objectives with a certain level of confidence.
Search-based analysis in real-time systems. In real-time systems, search-based techniques

are used in many prior approaches that aim at testing the systems [8, 51, 65, 71, 72]. For example,
Wegener et al. [72] introduced a testing approach that relies on a genetic algorithm aiming at
checking whether or not the system violates its timing constraints. Specifically, this prior work
checks the timing constraints with regard to maximum and minimum execution times measured in
processor cycles. Lin et al. [51] proposed a search-based approach to check whether a real-time
system satisfies both its deadline and security constraints. Regarding security constraints, their work
aims at optimally using security services for confidentiality, integrity, and authentication, while
ensuring the schedulability of real-time tasks. Shin et al. [65] presented a test case prioritization
approach based on a multi-objective search algorithm. This prior work, specifically, focused on
studying the test case prioritization problem in the context of acceptance testing for cyber-physical
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real-time systems. In this context, their approach accounts for not only the criticality levels of test
cases but also the risk of hardware damage posed by executing the test cases.
Beyond testing real-time systems, recently, Lee et al. [48] proposed OPAM, an optimal task

priority assignment method for real-time systems. OPAM uses a multi-objective, competitive
coevolutionary search algorithm to find near-optimal priority assignments that maximize the
magnitude of safety margins and the extent to which engineering constraints are satisfied. Lee
et al. [50] introduced SAFE, a tool that provides probabilistic estimation of safe WCET ranges
for real-time systems. As described in Section 4, however, SAFE is not applicable to weakly hard
real-time systems, as SAFE accounts for hard deadline constraints that do not allow any occurrence
of a deadline miss and relies on a simple task model. SWEAK extends SAFE to account for weakly
hard deadline constraints, context switching times, and the APS policy.
In contrast to these prior works, SWEAK is the first attempt to address the problem of proba-

bilistically estimating safe WCET ranges for weakly hard real-time systems. Furthermore, SWEAK
accounts for multiple objectives to generate test cases that likely violate weakly hard deadline
constraints and maximize the magnitude of deadline misses. SWEAK relies on logistic regression,
adapted from SAFE, to infer safe WCET ranges in the form of safe WCET border with a probability
of violating weakly hard deadline constraints. This enables engineers to investigate suitable WCET
values by analyzing trade-offs within the safe ranges.

7 CONCLUSION
This article introduced SWEAK, which probabilistically estimates the safe WCET ranges of tasks
for weakly hard real-time systems at early design stages. SWEAK employs a multi-objective search
algorithm to find test cases (i.e., worst-case task arrivals and context switching times), aiming to
maximize the magnitude of deadline misses and the degree of consecutive deadline misses. Based
on the search results, SWEAK infers safe WCET ranges, for a probability of violating deadline
constraints, using logistic regression. We evaluated SWEAK on a mission-critical real-time satellite
system and several synthetic systems created by following the guidelines provided by BlackBerry.
The results indicate that SWEAK provides high flexibility in selectingWCET ranges for practitioners.
We further evaluated SWEAK through 600 synthetic systems with different characteristics, varying
their degree of complexity. The results show that SWEAK scales to complex systems. Furthermore,
SWEAK completed all experiments within at most 22.1h. Hence, SWEAK is acceptable in practice
as an offline analysis technique for estimating safe WCET ranges given a probability of violating
deadline constraints.

For future directions of this research, we plan to develop a real-time task modeling language that
facilitates schedulability analysis and represents task constraints and system behaviors. In addition,
the usefulness of SWEAK should be further validated with other case studies from different domains
and through user studies. In particular, it is important to assess the usefulness of SWEAK from the
perspective of practitioners. We plan to investigate how SWEAK assists engineers by providing
safe WCET estimates, which, in turn, guide engineers in making appropriate decisions during the
development process.
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