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 a b s t r a c t

Modern cyber-physical systems increasingly rely on computationally demanding applications, particularly at 
the edge, where Artificial Intelligence-based algorithms are deployed. To meet these demands, industry trends 
are shifting towards heterogeneous MultiProcessor Systems on Chip (MPSoCs), which must also satisfy strict 
real-time and functional safety requirements. A major challenge in such systems is memory contention, where 
multiple processing units compete for shared memory resources, affecting application performance and the ac-
curate estimation of Worst-Case Execution Times (WCETs). Traditional static analysis becomes impractical as 
system configurations grow in complexity. This work presents the design of an analysis and optimization frame-
work for real-time systems that re-evaluates WCET estimates based on system configurations to reflect the impact 
of memory contention on heterogeneous platforms. The proposed method estimates new WCETs using Quantile 
Regression Neural Networks (QRNNs), which infer memory contention from Event Monitor data. Experimental 
results reveal that QRNN models must be system-specific for accurate predictions and that memory access pat-
terns significantly affect model generalization. Two strategies are proposed: using generic models for simplicity 
or task-specific models for higher accuracy. Despite some potential underestimations, QRNNs maintain a strong 
correlation with actual observed contention, enabling effective worst-case scenario identification. Furthermore, 
a comparative analysis highlights the superior scalability of the estimation-based approach over empirical mea-
surements, especially in large system optimization processes where performance can be easily enhanced by at 
least two orders of magnitude, making it a practical solution for real-time system design and analysis.

1.  Introduction

1.1.  Background

Modern cyber-physical systems must support increasing computa-
tional demands. For instance, the European Cloud, Edge and IoT Con-
tinuum [1] initiative offers a new perspective on how to approach the 
development of new technologies that seek to reduce the communica-
tions burden by processing data closer to where it is generated. In par-
ticular, at the edge side, the use of computational-intensive algorithms, 
such as those used in Artificial Intelligence applications or in advanced 
perception systems, demands the usage of advanced hardware platforms 
capable of satisfying those computing requirements. The trend in the 
industry is advancing toward heterogeneous platforms that integrate 
multiple processors and specialized accelerators within a single MPSoC 
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(MultiProcessor System on Chip). These platforms are not limited to reg-
ular cores, but can also incorporate specialized processors that operate 
at different frequencies and contain more complex memory hierarchies. 
In addition, they can include dedicated hardware accelerators, which al-
low reducing the execution times of specific jobs. These characteristics 
make MPSoCs great candidates for such applications. At the same time, 
these systems must not only guarantee a correct functionality but also 
comply with functional safety and real-time requirements. This research 
domain is of great industrial interest, as reflected in different industrial 
challenges presented at international conferences. A notable example 
is the Arm industrial challenge presented at the ECRTS conference [2], 
which addresses an industrial use case based on a smart mobility appli-
cation.

Modern MPSoC platforms present several challenges for ensuring 
time predictability. A fundamental challenge lies in the scheduling of 
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these systems, as tasks running on different processing resources must 
be synchronized and efficiently assigned [3,4]. However, one of the ma-
jor challenges is modeling memory contention [5,6]. Contention arises 
when multiple processors or dedicated accelerators compete for the us-
age of shared memory resources such as caches or global memory. The 
intensive memory usage by multiple computing resources may increase 
cache misses and saturate the access to the memory device, directly im-
pacting the execution times of the applications and leading them to not 
meet timing constraints. Furthermore, static timing analysis and system 
optimization can also be adversely affected by memory contention, as 
the impact on the Worst-Case Execution Times (WCETs) depends on the 
system configuration and the underlying memory subsystem. WCETs are 
needed by common techniques used in real-time optimization processes. 
Consequently, for each system configuration generated by an optimiza-
tion process, the analysis process shall re-evaluate the WCET estimates 
for the specific configuration, which introduces additional challenges. 
One possible approach to address this challenge involves empirically 
producing WCET estimates for every configuration by deploying tests 
on the real platform. However, this option can be infeasible due to the 
high execution times required to perform all the computations.

A more feasible alternative is relying on estimation techniques ca-
pable of analyzing the memory subsystem’s behavior and providing re-
liable predictions of the memory contention without the need for ex-
haustive testing work on real platforms [7]. Nevertheless, the challenge 
of these analytical approaches is their high complexity in multicore set-
tings, as the contention scenarios can grow exponentially due to the 
complex inter-dependencies that may arise. As a result, the analysis 
could become computationally intractable, or it may be highly pes-
simistic. Although estimation-based approaches, such as probabilistic 
WCETs (pWCETs), do not define deterministic bounds, they have been 
widely studied as a viable alternative for modern architectures, where 
traditional methods are unfeasible or excessively pessimistic [8,9]. In 
the context of safety-critical systems, certification of estimation-based 
approaches may be challenging due to possible underestimations. In 
this case, additional verification of the estimated values would be re-
quired. However, they can be directly integrated into mixed-criticality 
systems where less critical tasks are allowed to have a certain failure rate
[10].

1.2.  Contributions and paper organization

In this study, we propose exploring a new avenue to perform WCET 
analysis that, instead of relying on complex formulations, leverages the 
use of contention estimation techniques such as QRNN (Quantile Regres-
sion Neural Network) [11,12] to perform the estimation of the WCETs 
more efficiently. The QRNN is trained to infer the memory contention 
that a task may experience based on the Event Monitors (EMs) of all 
the tasks executed across the multiple processors. By using EMs, the 
QRNN model is provided with the necessary information to model the 
performance of the memory subsystem’s behavior to make accurate pre-
dictions.

The main contribution of this paper is the evaluation of the appli-
cability of QRNN-based techniques for their integration into a wider 
framework for the analysis and optimization of multicore real-time sys-
tems. In contrast to traditional methodologies for single processors [13], 
where WCET estimates are considered fixed and known in advance, the 
proposed framework enables dynamic re-evaluation of the WCET esti-
mates based on the system’s configuration in order to reflect the impact 
of memory contention. This approach aims to open new avenues for the 
design and analysis of modern real-time systems deployed on MPSoCs, 
where high computational and intensive memory usage applications in-
troduce new challenges that demand reconsidering how these systems 
are studied.

This manuscript is organized as follows. Section 2 introduces re-
lated work on WCETs analysis under memory contention. Section 3 pro-
vides an overview of QRNNs. In Section 4, the analysis and optimization 

framework for heterogeneous platforms is presented. Section 5 depicts 
how the QRNN should be integrated into the framework to produce re-
evaluated WCET estimates. Section 6 describes all the given steps in 
order to apply the QRNN into a heterogeneous platform, from how data 
was captured to describe the training process. In Section 7, we evaluate 
the applicability of QRNN-based techniques for the proposed framework 
based on experimental results. Finally, Section 8 shows the main con-
clusions and future work.

2.  Related work

Memory contention is a critical factor in real-time systems as it can 
increase execution time and hence WCET estimates, which may lead 
to deadline misses. Several works [6,14,15] have developed analytical 
techniques to obtain upper-bound estimates of the WCETs under con-
tention scenarios in multicore systems. In [16], the authors extend these 
techniques to heterogeneous platforms that integrate multiple types of 
accelerators (in addition to CPUs) in the same MPSoC, although their 
work is limited to global memory contention.

Analytical WCET estimation methods have also been leveraged to 
improve response time analysis techniques for multicore systems, where 
contention is a critical aspect to be considered. Based on WCET analysis 
techniques proposed in [14], the work [17] presents a response time 
analysis that considers memory contention. Additionally, other studies 
[18–21] have contributed to the development of methods for predicting 
upper-bounds on memory contention and integrating them into response 
time analysis.

Traditional WCET analysis techniques focus on deterministic upper-
bound estimations with probabilistic approaches gaining importance 
due to their ability to provide more flexible solutions in systems with 
higher complexity, where several inter-dependencies may result in un-
feasible analytical calculations or very pessimistic estimations. Proba-
bilistic WCET (pWCET) analysis, such as the ones explored in [8] and 
[9], provides a statistical upper bound on execution times, consider-
ing the inherent variability of modern architectures. In our case, the 
proposed framework is aligned more closely with probabilistic WCET 
methodologies, where a statistical upper bound is given to the varia-
tions introduced by memory contention.

The complexity of systems grows exponentially in modern MPSoCs 
by the increasing number of cores. Consequently, as modeling all these 
inter-dependencies is becoming a major challenge, WCET estimation 
techniques are relying more and more on Machine Learning (ML) ap-
proaches. Works such as [22] and [23] proposed ML-based techniques 
to analyze WCETs in these complex scenarios. Other studies [24,25] 
have incorporated memory contention prediction capabilities into the 
neural networks to effectively estimate WCETs. In [12], a neural net-
work based on quantile regression is proposed to predict contention 
with a controlled overestimation, which allows for increased reliability 
of the predictions. Similarly, [26] proposes a machine learning-based 
technique for estimating WCET, although it focuses on single-core and 
does not consider contention effects. Finally, [27] proposes the use of 
neural networks to predict contention generated by shared resources 
on GPUs. In our work, as it is focused on predicting the multicore con-
tention, we propose the integration of the technique developed in [12], 
QRNN, into a proposed analysis and optimization framework that con-
siders how much WCETs increase due to memory contention, evaluating 
the reliability of predictions across different system configurations. To 
the best of our knowledge, few works operate in the same manner as 
QRNN. Therefore, the similarities with previous works end in the use 
of NN and WCET estimation because: (1) they do not aim at estimating 
WCET under contention (multicore) scenarios, (2) they aim at estimat-
ing the WCET of a Basic Block (BB), we aim at the whole workload, and 
(3) they use the semantics of the assembly code of the BB as variables, 
while we use Hardware Event Monitors. Therefore, QRNN seeks to pre-
dict a much more complex timing profile, given the variability present 
in multicore.
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In the context of optimization, [28] proposes a methodology to mit-
igate the effect of memory contention by mapping tasks to processors, 
using the memory contention prediction methodology developed in [6]. 
In [29], the authors present an offline/online multistage optimization 
framework for multicore platforms that combines mapping, schedul-
ing, and buffer allocation. The work in [30] presents a contention-
aware analysis method along with task allocator mechanisms to improve 
schedulability by reducing memory contention. Unlike these optimiza-
tion techniques, our proposed framework is not focused on optimizing 
response times by mitigating memory contention. Instead, we propose a 
framework with an open scheme that allows the integration of different 
tools to optimize any desired parameter by changing the system configu-
ration for which the memory contention can be estimated for any tested 
configuration (e.g., applying well-established optimization algorithms 
such as HOSPA [31] or MILP [32]). The proposed approach enables ex-
ploring configurations where, even though memory contention can be 
higher, optimization objectives might still be achieved through other 
system parameters. Moreover, it can be integrated into other frame-
works that leverage the use of supercomputers to evaluate optimization 
techniques themselves [33].

3.  Quantile regression neural network to predict WCETs

The objective of this section is to describe the QRNN, a model-
ing framework that supports the optimization procedure described in
Section 4. Specifically, we aim to estimate the WCET of a task 𝜏, run-
ning on one core of an MPSoC, while the remaining cores are simul-
taneously executing other tasks. In such heterogeneous systems, tasks 
share hardware resources such as caches, memory controllers, and in-
terconnects. As a result, when multiple tasks run simultaneously, they 
compete for these shared resources, leading to increased execution times 
compared to when the same task runs in isolation. To formalize this sce-
nario, we define a workload 𝑤 = {𝜏1,… , 𝜏𝐾}, as the set of 𝐾 tasks run-
ning simultaneously, one per core, in an MPSoC with 𝐾 cores. For each 
workload 𝑤, our goal is to use QRNN to estimate the WCET of a given 
Task Under Analysis (TUA), considering the contention introduced by 
the co-running tasks.

3.1.  Introduction

As we mentioned, tasks in a MPSoC compete for hardware shared re-
sources, leading to contention that affects tasks Execution Time (ET)  of 
the TUA, 𝜏. Our goal is to use a set of representative EMs extracted from 
executions in isolation (𝐸𝑇0(𝜏)) to derive a Time Budget in Multicore 
(𝑇𝐵𝑤(𝜏)), when a TUA run as part of a specific workload 𝑤, with other 
tasks, with a contention factor 𝑃Δ𝑤 and an inherent 𝐸𝑇  variability of 
the MPSoC, which we denote as 𝜖:
𝑇𝐵𝑤(𝜏) = 𝐸𝑇0(𝜏) × 𝑃Δ𝑤 + 𝜖, (1)

We define our contention model for 𝑃Δ𝑤, as a function 𝑓 of EM 
values , aiming to estimate a contention factor for the given TUA within 
𝑤.

𝑃Δ𝑤 = 𝑓 (𝐸𝑀𝑤; Λ), (2)

where Λ represents the model parameters,  and the hat notation in-
dicates that 𝑃Δ𝑤 is an estimation of the true contention factor 𝑃Δ𝑤.

However, since the true contention factor 𝑃Δ𝑤 is unknown, we con-
sider the observed contention, defined as the ratio between the mea-
sured execution time and the nominal execution time:

𝑂Δ𝑤 =
𝑇𝐵𝑤(𝜏)
𝐸𝑇0(𝜏)

. (3)

This observed value 𝑂Δ𝑤 serves as a practical estimate of the con-
tention experienced by the TUA within workload 𝑤.

QRNN optimizes the quantile regression loss function, which is de-
signed to approximate any desired conditional quantile of 𝑇𝐵𝑤(𝜏). This 

Table 1 
Example of EM values for two tasks.

 CPU Cycles  Memory Accesses  …  L2 Refills
 Task 1  100  25  …  1
 Task 2  90  30  …  3

flexibility enables users to select a high quantile that best suits their spe-
cific needs. QRNN provides an efficient and effective method for evalu-
ating system configurations. By offering conservative yet accurate pre-
dictions of contention impact, they facilitate informed decision-making 
in resource allocation and scheduling, ultimately improving system per-
formance in multicore environments.

3.2.  Representative EMs

When predicting a 𝑇𝐵𝑤(𝜏), we only know which tasks are in the 
workload 𝑤 and their EM data. The core idea of the QRNN is to lever-
age EM data from tasks executed in isolation on the same platform (as 
presented in Table 1), which is far more practical than measuring EMs 
for every possible workload and core.

The challenge in this process is that EMs cannot be fully captured 
from a single execution due to physical constraints, with the Perfor-
mance Monitoring Units (PMUs), which will be detailed in Section 6. 
Instead, they can only be retrieved in groups of 4–8 EMs, all sampled 
simultaneously during the same run  [12], limiting the ability to obtain 
a complete set of EMs from a single run.

Previous works [34] have shown that the hardware and software 
state change across runs of the same workload, creating some noise in 
the EMs read. In order to properly merge EMs collected in different runs, 
we employ the Merging Hardware Event Monitors (HRM) algorithm, 
which aligns different blocks by leveraging the order statistics of exe-
cution time as an anchor. This alignment ensures that the reconstructed 
EM vector maintains plausibility, correlation, and structural consistency 
across multiple executions.

With this approach, each task 𝜏𝑖 is assigned a single representative 
set 𝐸𝑀(𝜏𝑖).

For instance, the corresponding EM vector of Task 1 would be 
𝐸𝑀(𝜏1) = [100, 25,… , 1], and the complete workload representation can 
be expressed as 𝐸𝑀𝑤 = 𝑐𝑜𝑛𝑐𝑎𝑡(EM(τ1),… ,EM(𝜏𝑘)).

Given a workload for which we aim to predict the contention of the 
TUA, we replace each 𝜏 in the vector 𝑤 with its corresponding EM vec-
tor. This transformed representation, that we call 𝐸𝑀𝑤 is then fed into 
the QRNN model, which predicts workload contention by analyzing the 
inferred interactions between tasks.

3.3.  Neural network (NN) models

Neural networks (NNs) capture complex, non-linear relationships 
by processing inputs through weighted transformations and activation 
functions. In our approach, the NN takes a vector of representative EMs, 
𝐸𝑀𝑤, summarizing isolated task executions, and estimates the con-
tention factor for a workload 𝑤:
𝑦̂𝑤 = 𝜙(𝐸𝑀𝑤; Λ) = 𝑃Δ𝑤, (4)

where Λ are the model parameters. These parameters are optimized by 
minimizing a loss function (𝑃Δ𝑤, 𝑂Δ𝑤), which quantifies the predic-
tion error. By reducing this error, the NN learns to capture workload 
interactions and generalize across execution scenarios.

The choice of loss function determines which aspect of contention 
is optimized. In particular, for WCET estimation, instead of using the 
mean, the QRNN uses a loss to estimate a target quantile 𝛾.

3.4.  Quantile regression

Quantile Regression (QR) extends traditional regression techniques 
by estimating conditional quantiles instead of mean values. This is
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Fig. 1. QR loss function shape centered at zero. The prediction 𝑦̂ in the hori-
zontal axis and the vertical axis corresponds to the loss value of the example in 
Section 3.4.

particularly useful in contention modeling, where extreme cases (e.g., 
high contention scenarios) must be accounted for. The QR loss function, 
known as pinball loss, penalizes the residuals 𝑢 = 𝑦 − 𝑦̂ as follows:

𝜌𝛾 (𝑢) =

{

𝛾 ⋅ 𝑢, if 𝑢 ≥ 0,
(𝛾 − 1) ⋅ 𝑢, if 𝑢 < 0.

(5)

The pinball loss function introduces asymmetric penalties based on 
the parameter 𝛾, which determines the conditional quantile being es-
timated. When 𝛾 = 0.5, it symmetrically penalizes over- and underesti-
mations, reducing to the absolute error and estimating the median. As 
𝛾 deviates from 0.5, the loss function becomes asymmetric, assigning 
greater penalties to underestimations when 𝛾 > 0.5 and to overestima-
tions when 𝛾 < 0.5.

We can visualize it in Fig. 1 with an example where the pinball loss 
(Eq. 5) is evaluated under three different quantiles and the real value is 
𝑦 = 0. For instance, when 𝛾 = 0.9, an error of ∣ 𝑢 ∣, is penalized 9 times 
more severely when it is an underprediction; this asymmetric loss drives 
the model to have 9 times more overestimations than underestimations, 
effectively estimating the 90th percentile.

3.5.  Quantile regression neural network (QRNN) models

QRNNs integrate the strengths of quantile regression and neural net-
works, enabling the estimation of specific execution time quantiles while 
capturing complex interactions in workload contention.

QRNN uses 4 fully connected hidden layers with 300 units each and 
ReLU activations to optimize the pinball loss function (Eq. 5) using the 
Adam optimizer. This setup allows the model to learn contention pre-
dictions tailored to a chosen quantile 𝛾. The selection of 𝛾 determines 
the focus of the model: lower quantiles prioritize underestimation con-
trol, while higher quantiles emphasize worst-case contention scenarios. 
Since 𝛾 is a fixed parameter, a separate model can be trained for each 
desired quantile.

In our study, we aim to reduce underestimations, i.e., cases where 
the predicted contention 𝑃Δ𝑤 falls below the 𝑂Δ𝑤. While the model 
tries to be as accurate as possible, overestimations are preferred over 
underestimations in systems with real-time constraints.

To mitigate this risk, we train QRNN on the 90th quantile (𝛾 = 0.90) 
of 𝑂Δ𝑤, ensuring that approximately 90% of the predictions are overes-
timations. Note that, this selection of 𝛾 = 0.9 could be modified, allowing 
us have flexibility on the requirements of the prediction.

4.  Optimization framework for heterogeneous platforms

The optimization of real-time systems is a process that aims to find 
an optimal or optimized system configuration which involves, for ex-
ample, ensuring that tasks meet their timing requirements or just im-
proving specific metrics of the system. As part of these processes, it is 
common practice to perform a response-time analysis on a given system 

configuration to determine the Worst-Case Response Times (WCRTs) of 
all the tasks within the system. This analysis provides the necessary in-
formation that optimization algorithms can use to assess the quality of 
intermediate solutions, and to guide the optimization process towards 
better solutions. For instance, the work [35] proposes a methodology to 
model and analyze real-time applications that may include GPUs. This 
methodology uses different variants of the offset-based response-time 
analysis techniques to validate the real-time requirements over hierar-
chically scheduled time-partitioned systems, i.e., time partitions can be 
defined at the primary scheduler as a set of partition windows that are 
cyclically executed, and preemptive fixed priorities are used by a sec-
ondary scheduler within each partition. Optimization may be performed 
to assign priorities, map tasks to partitions, map partitions to processors 
or to configure partition window sizes.

Response time analysis techniques require that WCET estimates have 
been determined in advance for every piece of code. However, the use of 
heterogeneous platforms with multiple processors may lead to memory 
contention [36], which has a direct impact on the WCETs. This depen-
dency makes it difficult to obtain precise measurements of WCETs, or it 
may lead to very high values of WCET estimations by considering overly 
pessimistic worst-case situations.

The hierarchical optimization of real-time applications involves sev-
eral inter-dependent sub-problems related to the definition of the time 
partitions and mapping of partitions, tasks and priorities. As a result, 
optimizing such systems represents a complex challenge, as each con-
figuration may produce different contention conditions, which require 
continuous reevaluation of WCETs.

In the traditional methodology for implementing analysis and op-
timization processes of real-time systems, the WCET estimates of the 
tasks that compose the system are measured or analytically estimated 
through worst-case assumptions. Once the WCET estimates have been 
obtained, they are assumed constant in all further steps of the over-
all optimization and analysis processes. This traditional methodology 
is represented in Fig. 2a. In this optimization process, from an initial 
input model (1), including timing (particularly WCET estimates) and 
platform properties, a new configuration may be proposed by an opti-
mization tool (e.g., partitions, mappings, priorities, etc.). This config-
uration (2) is analyzed by using any available response-time analysis 
technique. As a result, WCRTs are obtained (3). Based on the obtained 
values, the optimization tool decides whether a valid solution has been 
obtained (4) or a new configuration should be tried (2), repeating the
cycle.

However, when the proposal of a new configuration may lead to 
variations in the memory contention profile, the WCET estimates can 
no longer be considered fixed values. Therefore, the proposed method-
ology takes into account these inter-dependencies, by adding an addi-
tional process that evaluates the WCET estimates for each proposed con-
figuration, so both the optimization and analysis processes operate with 
appropriate WCET values for each configuration.

This new scheme, represented in Fig. 2b, is suitable for modern MP-
SoC platforms, and consists of the following steps. First, the input model 
of the real-time system (1) is provided, including an initial configura-
tion of the system. This initial model may contain WCET estimations, 
but these are not necessary because the optimization cycle incorporates 
a WCET estimation step. Then, the optimization tool proposes a new 
configuration (2), which is then validated by first estimating the up-
dated WCETs (3) and finally performing a schedulability analysis which 
yields updated WCRTs (4). As in the traditional methodology, if the cur-
rent configuration is determined to comply with the optimization objec-
tives, the algorithm returns this configuration as the final solution (5). 
Otherwise, the optimization process is repeated.

In order to generate the new WCET estimates for each configuration 
in the proposed methodology, two approaches can be applied. One ap-
proach involves deploying test code on the real platform to empirically 
measure the WCETs of the tasks under the specific system configura-
tion. This test code would measure the WCETs under the contention 
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Fig. 2. Traditional vs proposed methodology for the analysis and optimization process of real-time systems.

conditions caused by the input configuration. The major issue of this 
approach is the time required to measure the WCETs; to obtain reli-
able measurements, it is necessary to repeat the experiments thousands 
of times, which is highly time-consuming. Additionally, these measure-
ments should be performed at each iteration of the optimization pro-
cess, further increasing the time required to perform the whole process. 
Another alternative to implementing the proposed scheme in a more 
efficient way is to use a WCET analytical technique [6,14,15]. These 
techniques can obtain the WCETs more efficiently by not relying on de-
ployments on real platforms.

However, analytical approaches face significant challenges due to 
the complexity of modern MPSoC platforms. As mentioned earlier, con-
tention scenarios can grow exponentially with the increase of task inter-
dependencies, leading to computationally expensive analysis or highly 
pessimistic assumptions. As an alternative, emerging estimation tech-
niques such as QRNN are becoming a more viable option, offering an 
efficient solution for WCET analysis without relying on complex analyt-
ical methods.

Unlike previous frameworks such as the one presented in [19], where 
memory contention was analytically calculated in order to perform 
response-time analysis, our scheme allows a modular integration of ex-
isting and well-established analysis and optimization tools like MAST 
[37]. In their original form, these techniques do not support the re-
evaluation of WCETs or the analysis of memory contention. While as-
suming the worst-case scenario of contention in each task is possible, this 
approach would be highly pessimistic. Our framework allows for more 
realistic analysis and optimization for MPSoC platforms. By incorporat-
ing WCET estimation techniques, we overcome this limitation of tra-
ditional analytical methods, whose complexity grows exponentially in 
modern MPSoC systems. Therefore, our framework maintains compati-
bility with well-established analysis and optimization techniques while 
offering a scalable and efficient approach for dynamic re-evaluation of 
WCET estimates.

As mentioned before, each step proposed in the optimization process 
proposes a new system configuration, which may include task to core al-
locations, assigning tasks to partitions, or other scheduling parameters. 
This decision directly affects the memory contention, as different tasks 
may compete for shared resources in each configuration. Consequently, 
the system’s WCET estimates may vary, which modifies the response 
times. If the resulting configuration does not meet the optimization ob-
jectives, the framework generates a new configuration, which again re-
quires dynamic re-evaluation of the WCET estimates. This process en-
sures that the impact of optimization on memory contention is reflected 

and that the system is analyzed realistically under each proposed con-
figuration.

5.  Integrating the QRNN into the optimization framework

As presented in Section 3, the QRNN needs an input vector contain-
ing the EMs for each workload to generate predicted contention factors 
for every TUA. In contrast, in the proposed analysis and optimization 
framework presented in Fig. 2b, the WCET estimation tool would be fed 
with the system’s model, including timing parameters and a configura-
tion. This tool then produces an updated model containing the adjusted 
WCET estimates taking into account the new system configuration. This 
section outlines how the QRNN should be integrated into the WCET es-
timation tool to generate this output model. For this purpose, the input 
model must contain:

• The real-time system description, including timing and platform 
properties. The contained WCETs must be measurements or esti-
mates of tasks in isolation. These initial values will later be adjusted 
by applying the predicted contention factors.

• A system configuration, which is typically computed by an opti-
mization tool. This configuration may include partition settings, task 
mappings, priorities, etc.

• A vector of EMs measured in isolation for each task that will be used 
by the QRNN to predict the contention factors.

Fig. 3 depicts the scheme needed by the WCET estimation tool to ob-
tain the output model with new WCETs given the data described above. 
The proposed scheme consists of the following steps:

1. Contention analyzer: The contention analyzer receives as input a 
model with all the information detailed above. This model may be 
provided by the optimization or analysis process (1,2). Its main func-
tion is to identify, for each TUA, the workload combinations that may 
cause contention during its execution. These workloads depend di-
rectly on the system configuration, which includes decisions such as 
partitioning (if applicable) or task-to-core assignment. As output, the 
contention analyzer would generate a file containing the EMs vectors 
for each identified workload (a).

2. QRNN: The QRNN takes as input the EMs vectors for each workload 
(a), and generates a file with the predicted contention factor for each 
workload (b).

3. WCET calculator: The WCET calculator takes the initial system 
model (1,2) and the predicted contention factors for each workload 
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Fig. 3. Possible integration of QRNN into the WCET estimation tool.

(b). This step adjusts the initial WCETs by applying the predicted 
contention factors. To determine the appropriate contention factor 
to apply, the worst-case scenario is assumed, selecting the highest 
possible predicted contention for each TUA. The final output (4) is 
an updated system model containing the previous information along 
with the adjusted WCET values.

As an illustrative example showing how the process in Fig. 3 works, 
consider a simple configuration of three tasks {𝜏1, 𝜏2, 𝜏3} to be mapped 
into 2 cores. Each task has a WCET estimated in isolation, 𝐸𝑇0(𝜏), and 
the associated EM vector obtained by profiling, which includes the exe-
cution time in isolation. In this scenario, the contention analyzer iden-
tifies the potential interfering workloads from configuration (1). In the 
case of 𝜏1, 𝑤1,1 = {𝜏1, 𝜏2} and 𝑤1,2 = {𝜏1, 𝜏3}, excluding core permuta-
tions for simplicity. For each of these combinations, the corresponding 
EM vectors (a) are provided by extracting the information from EMs 
in (2). As an example, the EM vector for 𝑤1,1 is composed by a con-
catenation of EMs of tasks 𝜏1 and 𝜏2, 𝑤1,1 = 𝑐𝑜𝑛𝑐𝑎𝑡(𝐸𝑀(𝜏1), 𝐸𝑀(𝜏2)). 
Then, the QRNN predicts the contention factor for each workload (b), 
denoted as ̂𝑃Δ𝑤. For the case of 𝜏1 contention factors ̂𝑃Δ1,1 and ̂𝑃Δ1,2
are obtained. Finally, the WCET calculator updates the execution time 
for each task by multiplying the worst contention factor by the execution 
time in isolation. The conservative estimate of 𝜏1 would be obtained as 
follows: 𝐸𝑇 (𝜏1) = 𝑚𝑎𝑥(𝑃Δ1,1, 𝑃Δ1,2) × 𝐸𝑇0(𝜏1). For each task, the same 
steps are followed. As previously mentioned, the updated execution time 
estimates are included in (4).

The computational complexity of this scheme will be dependent on 
the specific analysis and optimization algorithms that can be used. In 
any case, the demonstrated scalability in Section 7.3.3 will further ben-
efit the most complex optimization algorithms.

6.  Workloads, data acquisition and training

6.1.  Testing platform

As a test platform, we used an NVIDIA Jetson AGX Xavier [38] de-
vice. This heterogeneous platform features the Carmel CPU Complex 
and a 512-core Volta GPU, along with other dedicated accelerators. We 
focus on the CPU complex (see Fig. 4) that is composed of four clusters 
containing two Carmel cores each. These cores are NVIDIA’s proprietary 
design based on the ARMv8 architecture. Each core includes a 128KB 
instruction and a 64KB data L1 cache, while the two cores within each 

Fig. 4. Carmel CPU complex.

cluster share a 2MB L2 cache. The four clusters share the 4MB L3 victim 
cache included in the System Coherency Fabric (SCF), which is respon-
sible for connecting the Carmel Cores with the memory interface.

6.2.  Core and uncore performance monitoring units

As the Carmel cores are based on the ARMv8, they also provide ac-
cess to the Performance Monitoring Units (PMUs) designed by Arm. 
These PMUs allow monitoring core-specific hardware events or event 
monitors (EMs) such as CPU cycles or memory reads/loads. Due to 
design limitations, certain EMs in Carmel cores remain inaccessible 
through conventional PMUs. Specifically, those related to shared re-
sources like L2 cache and global memory that occur outside the core 
(e.g., global memory accesses are requested by the SCF).

To address this limitation, the Carmel Complex includes the Uncore 
Performance Monitoring Units (U-PMUs). These units provide access to 
those EMs that occur outside the cores. However, the U-PMUs do not 
allow identification of the association between a specific EM and the 
core to which this EM belongs. This fact does not represent a problem 
in our case because, as will be detailed later in this paper, the EMs are 
monitored with tasks running in isolation, with no other task executing 
on the rest of the cores. In this way, we can ensure that the monitored 
EMs originate from the task being analyzed.

A common practice to access the PMUs and capture EMs is to use 
the perf_events library [39], which serves as a standard interface to per-
formance monitoring in Linux systems. However, after testing it on the 
Jetson AGX Xavier platform, we observed that this library does not pro-
vide full access to all the available EMs on this platform. In particular, 
it does not support EMs related to L2 cache and memory access, which 
are part of the uncore EMs. To gain access to all available metrics (both 
core and uncore), a custom kernel module was developed. This module 
interfaces directly with the PMU and U-PMU registers, allowing user-
space applications to configure and read these registers. In this way, we 
obtained access to all the available EMs, a total of 36 (27 core and 9 
uncore). These events are summarized in A.

In summary, the available EMs offer broad coverage of different as-
pects of the memory hierarchy, from cache to memory bus usage pat-
terns. This variety allows the QRNN to learn how different parameters 
may affect the application’s execution times. Consequently, the predic-
tion model can recognize patterns associated with different forms of 
memory contention, from cache misses caused by other cores overwrit-
ing data in a shared cache to main memory access saturation.

6.3.  Workloads

To achieve a comprehensive analysis, it is essential to consider 
tasks with different memory usage patterns. To address this, a set of
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Fig. 5. Observed contention factor distribution across different setups: (a) Single contender, (b) Three contender, and (c) Full contender.

custom benchmarks has been used that emulate basic operations com-
monly used in NN applications or in advanced perception systems. These 
benchmarks are categorized as follows:

• Memory access: Tasks performing random memory accesses, emu-
lating data load, and storing operations typically used in regular ap-
plications.

• Matrix operations: Multiple matrix operations that can be found in 
NNs and machine learning algorithms. These include matrix addi-
tion, multiplication, transposition, and a combination of transposi-
tion with multiplication.

• Vector operations: Multiple vector operations that can be found in a 
variety of applications like signal processing.

• Activation operations: Activation functions that can be found in NNs 
or signal processing, such as rectifier and scaling functions.

• LIDAR processing: LIDAR point-cloud processing operations, which 
involve downsampling and filtering algorithms.

• Railway application based on a genetic algorithm, used in [35].

Some of the described benchmarks may have different variants de-
pending on their data footprint. In the dl1 variant, the data used by the 
benchmark fits in the L1 data cache, allowing the CPU to access it with 
minimal latency. In the l2 variant, the data does not fit in the L1 cache, 
but it does fit in the L2. Finally, in the mem variant, the data length is 
too large to fit in any cache. Thus, the CPU is forced to access the main 
memory. For benchmarks that do not have a specified variant, the mem
variant is assumed by default.

No variant is defined for the L3 cache, as in this platform it acts 
as a victim cache, its content depends on cache misses from the upper 
memory levels rather than direct data placement. This makes a total of 
24 custom benchmarks, which are further described in B.

6.4.  Data acquisition

As we previously discussed, we aim to estimate the contention fac-
tor, 𝑃Δ𝑤, from the representative EMs of each benchmark in workload 
𝑤. To obtain the data set needed to train the QRNN, a sequence of mea-
surements have been performed on the testing platform. As a first step, 
we measured the EMs for each benchmark by executing them in isola-
tion, to build the representative EMs. The next step involves executing 
benchmarks in parallel distributed across different cores to measure the 
impact of contention 𝑇𝐵𝑤(𝜏). Then, the contention factor of each work-
load is calculated 𝑂Δ𝑤. 

In order to perform the measurements in isolation, since the number 
of EMs to be captured exceeds the number of Performance Monitoring 
Counters (PMCs) in the PMUs and U-PMU, multiple runs are required. 
To handle this, following [34], we selected the execution time (ET) as 
a fixed reference (or anchor) EM included in each read, obtained by 
tracing the cpu cycles event. This anchor provides a common reference 

that allows us to later align the EMs of different reads. In total, 5 in-
dependent reads are required to cover the 35 EMs (we discarded the 
INST_RETIRED event due to inconsistent behavior). In order to obtain a 
comprehensive view of the variability of the results, these 5 reads were 
repeated 100 times for each benchmark. To eliminate anomalies, we fil-
tered out periodic peaks detected in the execution traces, attributed to 
overheads caused by de OS. Any execution that was removed also had 
its associated EMs removed to maintain consistency in the dataset. 

To obtain the impact of memory, the TUA is monitored by measur-
ing its execution time while contention is generated by running other 
benchmarks on the available cores. Three different setups were consid-
ered: 

• Single contender setup, where contention is generated within the 
same cluster as the TUA.

• Three contender setup, where contention is generated by a single 
core from each cluster outside the TUA’s cluster.

• Full contention setup, where contention is generated by every avail-
able core in the CPU complex.

Fig. 5 shows the distribution of the observed contention factors ob-
tained for the different benchmarks in each setup: 

• Single contender setup (Fig. 5a): A contention factor up to 2.06 is 
observed as the contender shares the L2 with the TUA.

• Three contender setup (Fig. 5b): Despite having more tasks in con-
tention, tasks do not compete for the L2 cache, which resulted in a 
reduction of contention to 1.3.

• Full contention setup (Fig. 5c): Contention occurs at all memory lev-
els, increasing memory access requests, and amplifying the effect of 
the memory contention up to 6.28.

It is important to note that contention factors below one appear be-
cause median values of execution times in isolation were used as a ref-
erence to calculate the factors. Moreover, in the same way as in the 
experiments in isolation, the filtering process was also applied in order 
to minimize the effect of the overheads caused by the OS. 

Finally, the contention factor of each TUA under a workload 𝑤 is 
obtained by dividing the measured execution time in contention by the 
execution time in isolation. 

6.5.  Preprocessing

The objective of the preprocessing is to construct a dataset from the 
data acquired in the previous section. To this end, the following steps 
were followed: (1) identification of representative executions, (2) the 
construction of the dataset from the contention data, (3) the balancing 
of the dataset, and (4) the addition of the representative EMs to the 
dataset 
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To obtain the representative executions, we applied the HRM [34] 
algorithm. Using 𝐸𝑇  as an anchor, we selected the 50th quantile (𝑄50) 
of execution times across all runs as the representative ET for each TUA, 
then built a representative dataset containing all EMs for each isolated 
benchmark. 

For every scenario, the HRM algorithm sorts each block of five EMs 
based on 𝐸𝑇 , allowing us to consider the quantile distribution of each 
EM. By reordering each block of EMs, we can select the same quantile 
𝑄50 of each EM metric and combine them to form a complete represen-
tative EM vector for each workload. 

We then proceeded to build the final datasets from the contention 
experiments. For each scenario, we included the execution time in con-
tention 𝑇𝐵𝑤(𝜏) and tracked which benchmarks were active on each core 
(the tasks in the workload). 

The contention dataset remained imbalanced because certain bench-
marks experienced more pronounced overhead effects than others, 
which in turn led to more aggressive filtering process for those cases. 
To address this, we ensured that each TUA appeared an equal number 
of times and that each executed workload was represented five times. 
These repetitions capture the inherent variability in execution under 
identical contention conditions. 

Lastly, we replaced each benchmark’s name on each core with the 
corresponding representative EMs from the isolated experiments, thus 
forming our final training dataset. 

We also considered the Task Order Invariance principle, which re-
quires the model to produce the same prediction 𝑃Δ𝑤, for 𝐸𝑀𝑤 re-
gardless of how the cluster blocks are ordered [12]. It means that ̂𝑃Δ𝑤
depends solely on which benchmarks are sharing resources in L2, not on 
the sequence in which they appear. To address this, we rearranged the 
order of the 3 clusters in contention according to their maximum ET in 
isolation. By fixing the order in the dataset, we ensure that the model’s 
predictions do not depend on the specific permutation of the workload. 

6.6.  Training

The QRNN model was trained to predict the 90th quantile (𝑄90) of 
factor contention, meaning that in the loss function (Eq. 5), the quan-
tile parameter was set to 𝛾 = 0.9. The model leveraged EMs from iso-
lated benchmarks as input features (Eq. 4), enabling it to capture the 
statistical distribution of execution times while accounting for potential 
contention effects.

Once trained, the QRNN can estimate the 90th quantile factor con-
tention for a given set of execution conditions. Specifically, given a set 
of TUAs along with their contention benchmarks and resource alloca-
tion constraints, the model predicts a factor contention threshold. This 
threshold indicates that, for a given workload configuration, 90% of ex-
ecution times are expected to fall below the predicted value, ensuring a 
conservative yet reliable contention estimation.

7.  Evaluation

This section presents the evaluation of the applicability of the QRNN-
based techniques for the proposed analysis and optimization framework. 
Section 7.1 describes the experimental setups carried out. The experi-
mental results are presented in Section 7.2. Finally, Section 7.3 discusses 
the obtained results focused on three main aspects: (1) Model applica-
bility, (2) impact on the proposed framework, and (3) the effort com-
parison between measurement-based and estimation-based approaches.

7.1.  Experimental setups

This section outlines the experiments conducted to evaluate the ef-
fectiveness of the model under multiple scenarios. Three main experi-
ments were carried out under different setups, training specific models 
for each experiment.

Fig. 6. Training/Validation/Test loss evolution for Case B.

The first experiment focuses on evaluating the QRNN model in a sim-
ple scenario, where contention is generated by a single core from each 
cluster outside the TUA’s cluster (three contender setup). In this way, 
only one core is active per cluster. This scenario was chosen to pro-
vide a simplified approximation, allowing us to evaluate the model be-
fore moving to more complex configurations. For this purpose, a generic 
model was trained with workloads composed of all of the benchmarks 
described in Section 6.3, so inference was performed on tasks the model 
had already seen during training. In this initial evaluation, only mem
variants of the benchmarks were used for the whole training and infer-
ring process. We will refer to this experiment as Test Case A.

The objective of the second experiment is to evaluate how differ-
ent memory access patterns affect the accuracy of the inference. In this 
case, a single model was trained with all benchmark variants, which 
includes data with varying lengths of memory (dl1, l2, and mem vari-
ants). Benchmark variants and different memory access patterns (i.e., 
sequential or random) were considered. As in the previous case, the 
model was trained with workloads composed of all of the benchmarks, 
and inference was performed on tasks the model had already seen dur-
ing training. However, in this experiment, the model was trained for a 
full contender setup, where all the available cores complex may be gen-
erating contention, making the model sensitive to the complexity and 
heterogeneous design of the Carmel complex. This experiment will be 
denoted as Test Case B.

For both Test Cases A and B, the data were split into training (17%), 
validation (2%), and test (81%) [40,41] sets using a stratified approach 
based on unique workloads, ensuring no overlap between subsets. Train-
ing was stable, with losses for both training and testing converging 
smoothly, as shown for Case B in Fig. 6, which corresponds to the more 
difficult task. The validation loss leveled off after around 30 epochs.

Finally, the last experiment aims to assess the behavior of the QRNN 
when tasks not seen during the training are inferred. To this end, the ba-
sic setup used in Test Case A has been reused: three contender setup with 
only mem variants of the benchmarks. Multiple models were trained, 
each one leaving out one specific benchmark from its training data. 
Then, each model is used to predict the contention values for the specific 
benchmark that has been left out during its training. This experiment 
will be referred to as Test Case C.

7.2.  Experimental results

Test Case A - Simple approach
Test Case A aims to evaluate the model’s behavior under a three 

contender setup where only mem variants are introduced. Results are 
presented using a scatter plot where each point represents a single pre-
diction, in which the predicted contention factor is represented on the 
Y-axis, while the real contention factor is represented on the X-axis. As 
a reference, the 𝑥 = 𝑦 line is drawn in red. Predictions lying on this line 
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Fig. 7. Test Case A - Predicted vs true contention factor distribution for the 
three contender setup.

indicate that predictions matched the ground truth values. Points above 
the reference line represent overestimations (in blue), whereas points 
below the line represent underestimations (in orange).

Fig. 7 shows the evaluation of Test Case A. As shown, the model was 
able to accurately predict contention factor values while maintaining a 
low underestimation rate. From a total of 29,605 predictions, 88.19% 
resulted in overestimations, whereas the remaining 11.81% were un-
derestimations. Notably, all estimations fell within an error threshold of 
20%.

Test Case B - Different memory access patterns
Test Case B assesses the accuracy of a model trained with different 

benchmark variants. For this evaluation, a total of 24,145 predictions 
were made.

First, we evaluated the model in a generic way, taking into account 
the predictions for all variants. The scatter plot of this evaluation is 
shown in Fig. 8a. From this plot it can be seen that the model tends to 
overestimate, accounting for 92.8% of all predictions, while underes-
timations occurred only in 7.2% of the predictions. To quantitatively 
evaluate the model’s precision, we defined an error threshold of 20% 
for both overestimations and underestimations. 73.47% of predictions 
were overestimations within 20% of the true value, while 6.44% were 
underestimations within 20% of the true value.

To assess the performance of the model under different memory ac-
cess patterns, we have categorized the results into five distinct groups 
based on the benchmark characteristics: (1) Memory length variant in 
which tasks are forced to access the main memory (mem), (2) L2 cache 

Fig. 8. Test Case B - Results for benchmarks with different memory access patterns under full contender setup.

sensitive variant (l2), (3) L1 data cache sensitive variant (dl1), (4) bench-
marks with sequential memory access, and (5) benchmarks with random 
memory access (rnd). A breakdown of the results based on these cate-
gories is shown in Fig. 8b. The different categories are represented on 
the X-axis. The green and yellow bars represent the percentage of pre-
dictions that fell within the overestimations and underestimations error 
threshold of 20%, respectively. The bars in blue and red represent the 
percentage of predictions outside the defined threshold.

Among the predictions for tasks with different memory lengths, the 
mem variant achieved the best results. This variant exhibited a low un-
derestimation rate of 7.19% and presented high accuracy for both over 
and underestimations. According to the l2 variant, a degradation in ac-
curacy can be observed. The underestimation rate slightly increased to 
10.74% and presented a higher tendency toward overestimation. The 
dl1 variant, on the other hand, showed a reduction in underestimations, 
with no underestimation remaining within the 20% error threshold. 
This is because, in most cases, no contention occurred as the CPU does 
not compete for the L1 data cache with other cores. Thus, since the con-
tention factor cannot be less than 1, the model was implicitly able to 
avoid underestimation under this scenario. However, even in the ab-
sence of real contention, the model maintains its tendency to overesti-
mate. Consequently, the model presented a significant drop in accuracy, 
with only 42.24% of predictions falling within the defined error thresh-
old for overestimations.

The next step is to analyze the results based on benchmarks with 
sequential or random memory access. For benchmarks with sequential 
memory access (denoted in Fig. 8b as sec), the model achieves very high 
accuracy, with a low underestimation rate of 5.4%. In this scenario, 
79.61% of predictions fell within the overestimation error threshold, 
and only a 0.08% of underestimations remained outside this limit, in-
dicating strong reliability. This percentage of underestimations corre-
sponds to the l2 variants where the underestimation rate was higher. In 
contrast, the model’s performance deteriorates significantly for bench-
marks with random memory access (denoted as rnd). The underestima-
tion rate increased to 21.4%, and accuracy dropped, with only 31.6% of 
predictions falling within the overestimation’s 20% error threshold and 
with the highest rate of underestimations, 4.4% of predictions, below 
the defined error bounds.

Test Case C - Unseen tasks
Test Case C introduces multiple models, each with a particular 

benchmark not seen during its training process. In this evaluation, a 
notable performance degradation was observed that greatly depends on 
the type of benchmark under analysis. Fig. 9 illustrates three representa-
tive examples. In the scenario presented in Fig. 9a, the model continued 
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Fig. 9. Test Case C - Three representative cases of predicted vs. true contention factor for the three contender setup, inferring over a benchmark excluded from the 
training set.

to predict accurately and with a low underestimation rate. However, in 
scenarios Fig. 9b and Fig. 9c, the models systematically underestimated 
and overestimated the contention factors, respectively. These results re-
veal a potential limitation: while the model is accurate within its train-
ing domain, it struggles to make correct predictions for tasks that are 
not present during training.

7.3.  Discussion

7.3.1.  Model applicability
Concerning the applicability of the QRNN-based techniques within 

the proposed analysis and optimization framework, two main consider-
ations can be derived from the obtained results.

In the first experiment, Test Case A, a simple scenario was assessed 
with just one interfering core per cluster, while the inference is per-
formed on a task seen during training. Under this scenario, the model is 
able to produce accurate results.

Subsequently, in Test Case B, we evaluated a model trained with dif-
ferent benchmark variants under a full contender setup (i.e., all cores). 
The results reveal that the performance of the model could vary signifi-
cantly depending on the type of workload. This indicates that the model 
struggles to generalize across tasks with different memory access pat-
terns. This may lead to two possible approaches in order to integrate the 
prediction model into the proposed optimization framework. The first 
approach would consist of building task-specific models, each trained 
for task groups with a specific memory access pattern. This could lead 
to higher accuracy, but at the cost of increased complexity to prepare 
and train the models. In contrast, using a single generic model may re-
duce the development complexity at the potential expense of reduced 
accuracy. Each approach presents a trade-off between precision and the 
effort required for training and developing the necessary models.

In the last experiment, Test Case C, we inferred the contention of 
different tasks that were not seen during the training phase. We found 
that in this case, the models produced less accurate predictions. This 
suggests that, for the integration of the model into the proposed opti-
mization framework, it would be necessary to train a system-specific 
model tailored not only to the platform but also to the whole task set 
that composes the system under analysis. It is important to note that 
the proposed optimization framework is intended to be used during the 
design phase of the system, in which the whole task set must already be 
known and characterized to perform other basic activities, such as the 
schedulability analysis.

The addition of new tasks could be handled by first evaluating the 
prediction performance of the existing model on that new task. If the 
results are satisfactory, the task can be safely integrated into the anal-
ysis and optimization process. Only in cases where a considerable per-
formance degradation is observed would it be necessary to retrain a 
system-specific model. For example, in the case represented in Fig. 9b, 
where the model showed a tendency to underestimate, retraining the 
model including this specific task would be necessary. The key advan-

tage presented by this approach is that the effort to collect the additional 
necessary data and train the model would only need to be done once. 
After retraining, the model would be able to handle any possible system 
reconfiguration.

In conclusion, these results indicate the feasibility of integrating 
QRNN-based prediction techniques in an analysis and optimization pro-
cess. For a given real-time system, an initial model should be trained and 
evaluated to determine if it would be necessary to use a task-specific or 
a system-specific approach. With this, if necessary, new models could 
be trained and reevaluated before a final implementation is established.

Although the presented framework is directly valid for mixed-critical 
systems, its application in high-critical systems may be compromised 
due to the possibility of some occasional underestimations. In this sce-
nario, the validity of the solution will require direct verification of the 
execution times under the final configuration proposed by the analysis 
and optimization framework and, if necessary, performing a sensitivity 
analysis on this final solution to assess its robustness.

7.3.2.  Impact on the proposed framework
Although most of the underestimated predictions fell within an er-

ror threshold of 20%, some cases deviate from this margin, making the 
model unable to bound underestimations. This behavior can have sig-
nificant implications in a real-time system, as an underestimated con-
tention factor could lead to deadline misses. Nevertheless, adopting a 
conservative strategy could mitigate this effect in the proposed frame-
work. For each task, as the worst-case scenario contention is considered 
(i.e., the one given by the workload with a higher contention factor), 
the model can still be effective even if predictions are not accurate in 
absolute terms.

In this context, it becomes crucial that the models preserve a corre-
lation with the true values. If the model consistently assigns estimated 
contention factors such that it estimates more contention when actual 
contention is higher, and less when it is lower, then the worst-case con-
tention scenario can still be correctly identified.

Fig. 10 represents the behavior described above. In the blue line, 
we can see all the true values of the full contender setup, ordered from 
the highest to the lowest contention factor. The predicted values are 
represented in orange. Finally, the red line represents the prediction’s 
tendency by considering median values. These median predicted values 
were calculated using fixed-size bins. We can observe notable noise in 
prediction values because, as we have seen previously, the model tends 
to overestimate differently depending on the benchmark. However, pre-
dictions tend to maintain a consistent relation with true values.

To characterize this correlation, we compute the Pearson correlation 
coefficient for each different benchmark group described in Section 7. 
This analysis shows the correlation between predicted and true con-
tention factors. Table 2 shows the correlation obtained for each bench-
mark variant and for the whole set. In general, a strong correlation is 
observed above 80% across all cases except the dl1 variant. In this case, 
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Fig. 10. Correlation between predicted and true values.

Table 2 
Pearson correlations by bench-
mark group.
 TUA  Correlation (%)
 mem  92.49
 l2  80.46
 l1  38.01
 rnd  87.12
 sec  90.76
 all  92.31

as shown in the experimental results, the model was not able to correctly 
learn the L1 memory access behavior.

7.3.3.  Effort comparison - Measurement-based vs estimation-based 
approaches

For the proposed analysis and optimization framework, two alter-
natives were considered to obtain new WCET estimates under different 
system configurations: (1) performing empirical measurements on the 
real platform for each configuration or, (2) using prediction techniques 
like the one proposed in this work. In this section, we estimate the po-
tential time and effort costs by adopting the estimation-based approach 
compared to the measurement-based one.

We define the total time required to complete the optimization pro-
cess deploying tests on the real platform as:
𝑇𝐷𝑒𝑝𝑙𝑜𝑦 = 𝑇𝑀 ×𝑁 × 𝐼 (6)

where 𝑇𝑀  represents the average time required to measure the WCET es-
timates for a single workload, 𝑁 denotes the number of potential work-
loads that are possible under a certain configuration proposed by the 
optimization tool (for this evaluation, we assume a fixed representative 
value), and 𝐼 is the number of iterations needed by the framework to 
get an optimal configuration.

In contrast, the time required by the estimation-based approach, con-
sidering not only the effort needed to obtain new WCET estimates but 
also the cost of preparing the prediction model, can be represented as:
𝑇𝐸𝑠𝑡𝑖𝑚 = 𝑇𝐷𝑆 + 𝑇𝑇 𝑟𝑎𝑖𝑛 + 𝑇𝐼𝑛𝑓𝑒𝑟 ×𝑁 × 𝐼 (7)

where 𝑇𝐷𝑆 represents the time needed to obtain the Data Set, 𝑇𝑇 𝑟𝑎𝑖𝑛 is 
the training time for the model, and 𝑇𝐼𝑛𝑓𝑒𝑟 represents the average time 
needed to obtain a single prediction. This assumes that a single model is 
trained. If task-specific models are used instead, it would be necessary 
to add to the needed time to train the different models.

To provide an illustrative view of this trade-off, we present an esti-
mated analysis in which the number of optimization iterations increases 
progressively. Table 3 summarizes the approximated time values used 
for the model presented in Test Case B. As a representative 𝑁 , we con-
sider a system composed of 24 tasks (corresponding to the total number 
of benchmarks in Test Case B) uniformly distributed across the eight 
cores, resulting in 3 tasks statically assigned per core. Assuming that 

Table 3 
Required time estimations 
for Test Case B.
 Value  Required time
𝑇𝑀  30 seconds
𝑇𝐷𝑆  200 hours
𝑇𝑇 𝑟𝑎𝑖𝑛  45 minutes
𝑇𝐼𝑛𝑓𝑒𝑟  0.3 milliseconds

Fig. 11. Effort trade-off between measured-based and estimation-based ap-
proaches.

cores are fully available for the execution of the assigned tasks, the max-
imum number of possible workload combinations in this scenario is 38. 
This value is used as the representative 𝑁 in our illustrative analysis.

Fig. 11 shows the trade-off between the measurement-based and the 
estimation-based approaches, with times in seconds (note that logarith-
mic scale is used). While for the measurement-based approach, the re-
quired time increases significantly with the number of iterations, the 
estimation-based approach experiences a slight increase. This is because 
the main effort is made at the beginning when preparing the dataset 
and training the model, and then, the model remains valid for infer-
ring every possible combination within the system with a low effort. 
In the presented scenario, only four optimization iterations through-
out the system’s life cycle are needed to benefit from the estimation-
based approach. The results shown are valid only for a system with the 
features presented in this evaluation, which contains few tasks. How-
ever, for a real-world large-scale system, which might contain hun-
dreds of tasks, where the combinations can grow exponentially, the 
measurement-based approach would be even less feasible. This effect 
can be further amplified in modern MPSoCs by adding multiple types of 
processing resources, with different memory sizes operating at different 
bandwidths, and varying cache hierarchies. In contrast, the estimation-
based approach may still efficiently scale under this scenario since the 
model needs to be trained only once and be reused for every possible 
combination.

8.  Conclusions and future work

In this work, we proposed an analysis and optimization framework 
that enables dynamic WCET re-evaluation based on the system config-
uration to reflect the impact of memory contention on heterogeneous 
platforms. Unlike traditional methodologies, where the WCETs are as-
sumed to be known and fixed during the entire process, the proposed 
methodology is based on generating new WCET estimations, taking 
into account the memory contention for each specific configuration. 
Although not considered in this work, there are several mechanisms, 
such as time partitioning, that not only allow us to mitigate the memory
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contention, but also to control the task subsets that could be executed 
concurrently in different processors.

To derive the new WCETs, we proposed the application of QRNN-
based techniques, which efficiently estimate the memory contention 
that a task may experience under certain contention scenarios based 
on the measured Event Monitors (EMs). This work evaluated the appli-
cability of these techniques for a framework such as the one proposed 
in this work.

The presented evaluation reveals key insights into the applicabil-
ity of QRNN-based techniques during the design phase of real-time sys-
tems. Results showed that the model’s accuracy can vary significantly 
depending on the memory access patterns of the tasks, such as tasks 
with random memory access or those with different memory footprints. 
This may lead to two potential strategies to integrate QRNNs into the 
proposed optimization framework: (1) opting for a generic model that 
simplifies the development but may have a reduced prediction accu-
racy, or (2) developing task-specific models for higher accuracy. Each 
strategy offers a distinct trade-off between accuracy and development
complexity.

Moreover, experiments demonstrated that models trained on a spe-
cific task set struggled to make accurate predictions when applied to un-
seen tasks. This highlights the potential need for system-specific models 
trained with the whole task-set. When new tasks must be added into 
the system, the performance of the model on that task can be evaluated 
to determine whether retraining a system-specific model is needed. The 
process involves a one-time data collection and training for every new 
task or task set. Once retrained, it offers the advantage of being able 
to handle any system configuration that may be tested during the opti-
mization phase.

Although the application of QRNN can lead to underestimated val-
ues, it can still be effective when using a conservative strategy, consid-
ering each task’s worst-case contention scenario. The model showed the 
ability to preserve a strong correlation with true contention values. This 
behavior makes it possible to consistently identify the worst-case con-
tention scenarios for each task. Experimental results support this find-
ing, showing an overall correlation of 92.31%.

In addition, an analysis has been conducted to evaluate the effort 
needed for the estimation process itself. A comparative evaluation be-
tween measurement-based and estimation-based approaches showed the 
scalability advantages of the estimation-based approach. While empir-
ical measurements become increasingly time-consuming as the num-
ber of workload combinations and optimization iterations grows, the 
estimation-based approach incurs most of its cost upfront during dataset 
and model preparation and training. This means that for large systems, 
an estimation-based approach is preferable, as you can cover the entire 
life cycle of a system after an initial effort, whereas the measurement-
based approach becomes highly costly or even unfeasible.

Finally, this work demonstrates that imprecise techniques such as the 
QRNNs evaluated in this paper can be safely used to estimate WCETs in 
the optimization process of real-time systems, assuming that, if neces-
sary, validation of the final solution(s) can be performed. Therefore, this 
work opens an opportunity for these techniques to be used on modern 

heterogeneous platforms, even in critical systems where their useful-
ness may be questionable, since their results may not fully guarantee 
the worst-case conditions.

As future work, we propose to validate the strategy in a real smart 
mobility application, which is currently being implemented and mod-
eled. Moreover, in this work, only the multicore contention has been 
considered, even though the GPUs and other accelerators represent an 
additional contention point. The evaluation of the effects of these addi-
tional resources has also been planned. Finally, future work includes ad-
dressing the development of an implementation of the proposed frame-
work, integrating the WCET estimation based on QRNNs into other
analysis and optimization tools such as MAST [37], with which there 
is already previous experience in adaptation to other models or integra-
tion of tools following an MDE strategy [42].
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Appendix A.  Core and uncore events in Jetson AGX Xavier

This appendix presents the core and uncore events available for the 
Jetson AGX Xavier, as shown in Table A.4 and Table A.5 respectively. 
The information has been obtained from the NVIDIA Technical Refer-
ence Manual for the Xavier series SoC [43].
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Table A.4 
Core events in Jetson AGX Xavier.
 Event  Description  Event  Description
 SW_INCR  Instruction architecturally executed, software increment  INST_RETIRED  Instruction architecturally executed
 EXC_TAKEN  Exception taken  EXC_RETURN  Instruction architecturally executed, exception return
 CID_WRITE_RETIRED  Instruction architecturally executed, Write to CONTEXTIDR  TTBR_WRITE_RETIRED  Instruction architecturally executed, Write to TTBR
 L1D_CACHE_LD  Level-1 Data Cache access, Read  L1D_CACHE_ST  Level-1 Data Cache access, Write
 CPU_CYCLES_DUAL_EXEC  Cycles in dual execution mode  CPU_CYCLES_DUAL_EXEC_ELIGI  Cycles dual execution mode is eligible to execute
 L1I_CACHE_REFILL  Level-1 Instruction Cache refill  L1I_TLB_REFILL  Level-1 instruction TLB refill
 L1D_CACHE_REFILL  Level-1 Data Cache refil  L1D_TLB_REFILL  Level-1 data TLB refill
 BR_MIS_PRED  Mispredicted or not predicted branch speculatively executed  CPU_CYCLES  CPU cycles
 BR_PRED  Predictable branch speculatively executed  MEM_ACCESS  Data memory access
 L1I_CACHE  Level-1 Instruction Cache access  L1D_CACHE_WB  Level-1 Data Cache Write-back
 MEMORY_ERROR  Local memory error  STALL_FRONTEND  No operation issued due to the frontend
 STALL_BACKEND  No operation issued due to the backend  L1D_CACHE_REFILL_LD  Level-1 Data Cache refill, Read
 L1D_CACHE_REFILL_ST  Level-1 Data Cache refill, Write  L1D_CACHE_WB_VICTIM  Level-1 Data Cache Write-back, victim
 L1D_CACHE  Level-1 Data Cache access

Table A.5 
Uncore events in Jetson AGX Xavier.
 Event  Description  Event  Description
 L2D_CACHE  Level-2 Data Cache access  L2D_CACHE_REFILL  Level-2 Data Cache refill
 L2D_CACHE_WB  Attributable Level-2 Data Cache Write-back  BUS_ACCESS  Bus access
 BUS_CYCLES  Bus cycle  L3D_CACHE_ALOCATE  Level-3 Data Cache allocation without refill
 L3D_CACHE_REFILL  Level-3 Data Cache refill  L3D_CACHE  Level-3 Data Cache access
 L3D_CACHE_WB  Level-3 Data Cache Write-Back

Table A.6 
List of used custom benchmarks.
 Benchmark name Description  Benchmark name Description

 rnd_acc Performs 1M random memory accesses.  rnd_acc_2 Performs 2M random memory accesses. Has a dl1 and 
a l2 variant.

 matrix_sum Computes the sum of two matrices.  matrix_trans Transposes a given matrix, which involves switching 
its rows and columns.

 matrix_trans_mltpl First transposes a matrix and then multiplies it with 
another matrix.

 matrix_mmb Computes a matrix multiplication.

 v_add_int Computes the sum of two vectors. Has a dl1 variant.  v_mltpl Computes a vector multiplication. Has a l2 variant.
 v_mltpl_add Computes a vector multiplication followed by addition.  v_rect Performs the rectifier (ReLU) function to input data.
 v_scale Scales the values of a vector by a constant factor.  genetic_algorithm Railway application based on a genetic algorithm, 

used as a use case in [35].
 ldr_downsampling_f2 Reduces the resolution of LIDAR point-cloud data by a 

factor of 2. Has a l1 variant.
 ldr_downsampling_f4 Reduces the resolution of LIDAR point-cloud data by a 

factor of 4. Has a l2 variant.
 ldr_downsampling_f4 Reduces the resolution of LIDAR point-cloud data by a 

factor of 10.
 ldr_filtering Applies filtering to LIDAR point-cloud to eliminate 

ground and distant objects. Has a dl1 and a l2 variant.

Appendix B.  Custom benchmarks

This appendix presents the set of custom benchmarks used in this 
study. Table A.6 provides a description of each benchmark and indicates 
which ones have dl1 or l2 variants on their data footprint. The mem
variant is assumed by default. The input data of these benchmarks is 
composed of random numbers. Regarding the memory access pattern, 
all the benchmarks access the memory sequentially except the rnd_acc 
and rnd_acc_2 benchmarks, which perform random memory accesses.

The code for these benchmarks has been made publicly available, 
including the measured EMs, memory contention measurements, and 
the kernel module to access core and uncore PMUs: https://github.com/
xavier-pmu-tools/fgcs_carmel_bench_and_data. 
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