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Abstract—The integration of machine learning into safety-
critical cyber-physical systems has significantly increased
computational demands, which are often met by modern
multicore platforms. While complex memory subsystems, includ-
ing local caches, make it challenging to maintain timing
predictability, they also provide opportunities for worst-case
execution time (WCET) optimization through improved data
locality. To address this, we propose a multicore partitioning
and allocation strategy that leverages sparse structures through
neural network disaggregation to optimize the WCET. Our
evaluation shows that disaggregated neural networks achieve
a significantly reduced WCET, compared to fully connected
monolithic neural networks of similar size.

Index Terms—Cyber-physical systems, disaggregated neural
network, worst-case execution time (WCET).

I. INTRODUCTION

IN REAL-TIME systems, bounding the worst-case response
time (WCRT) of each task is critical to ensure system

correctness and safety. To meet increasing computational
demands, especially in automotive and industrial domains,
modern embedded systems are transitioning to multicore
architectures that enable parallel task execution and improve
efficiency. Accurate WCRT analysis requires precise esti-
mation of worst-case execution times (WCETs), which are
particularly sensitive to nonlocal memory accesses in complex
memory hierarchies.

This challenge is exacerbated by the integration of machine
learning models, such as neural networks, into real-time
systems. Their computational complexity and dense data
dependencies introduce significant variability, making WCET
analysis more difficult. While neural networks offer ample
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parallelism for core allocation, nonlocal data transfers caused
by tightly coupled layers can substantially increase WCET.
Reducing this overhead demands a locality-aware execution
strategy tailored to the neural network structure.

This letter addresses the problem of WCET minimization
for core allocation and scheduling of neural networks by
exploiting sparse dependency structures enabled through dis-
aggregation [1], [2]. Disaggregation replaces a monolithic
model with multiple independent subnetworks whose outputs
are merged only after all subtasks complete. This structure
promotes parallelism and reduces interdependencies.

Chatterjee et al. [2] illustrate the benefits of such disaggre-
gation using a lane-changing module for autonomous vehicles
based on the NGSIM dataset [3]. A three-class monolithic
classifier is split into two binary classifiers for left and right
lane changes, with the third class inferred. Despite using
the same total number of neurons, the disaggregated model
reduces per-layer size and connections, cutting resource usage
by 54%, computation by 43%, and improving hardware timing
by 85%, with only a 2% drop in accuracy. However, their work
does not evaluate the WCET on software platforms.

To address this, we propose a WCET-aware schedul-
ing approach using a mixed-integer quadratic constrained
programming (MIQCP) formulation. Our method optimally
allocates layers and neurons across CPU cores while penal-
izing nonlocal memory accesses, thereby enforcing locality
and minimizing WCET. To the best of our knowledge, this is
the first attempt at WCET-aware partitioning and allocation
for neural-network-based workloads on multicore real-time
systems. Our main contributions are as follows.

1) We propose a WCET-aware scheduler based on a MIQCP
formulation that minimizes execution time through
optimized layer partitioning and neuron allocation. Our
approach applies to both monolithic and disaggregated
neural networks, with notably better results for disaggre-
gated models due to their sparse data dependencies.

2) We conduct a comprehensive numerical evaluation
demonstrating substantial WCET reductions compared
to a straightforward baseline with equivalent model
sizes, achieving up to 95.3% reduction (21.5× faster) for
monolithic networks and up to 98.4% reduction (63.7×
faster) for disaggregated networks.

II. SYSTEM MODEL AND SPECIFICATION

In this section, we present the system model, along with
a detailed description of the disaggregated neural network
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structure. We then formally define the problem, outlining the
key challenges and objectives that this research addresses.

A. System Model

We consider a set T of n recurrent tasks to be scheduled
on a set of identical (homogeneous) processors M. Each task
τi ∈ T is described by τi = (Ci,Ti,Di), where:

1) Ci = {Ci,1,Ci,2, . . . ,Ci,|M|} represents the set of
WCETs for task τi. That is, Ci,m is the WCET of τi
when it is executed using m ∈ {1, . . . , |M|} cores.

2) Ti is the period of τi.
3) Di is the relative deadline of τi.

We consider tasks with constrained deadlines, i.e., ∀τi ∈
T, Di ≤ Ti. Additionally, we assume that all tasks release
an infinite number of task instances, called jobs, sporadically,
i.e., if a job of τi is released at time t the subsequent job is
released no earlier than time t + Ti.

One of the primary examples considered in this work
is disaggregated neural networks, which inherently exhibit
high levels of parallelism. Each disaggregated neural network
task can be partitioned across multiple processors, allowing
concurrent execution of different segments or layers.

B. Neural Network Structure

In this work, we model a neural network task τi as a
collection of subtasks τi,j, where each neuron is treated as
an individual subtask. The entire network is represented as a
directed acyclic graph (DAG), with nodes corresponding to
subtasks and edges capturing the data dependencies between
them. Subtasks are organized into layers denoted by Li =
�i

0, . . . , �
i
L−1. We assume that 1) subtasks within the same

layer are independent and 2) there are no cyclic dependencies
between layers. That is, it is not permissible for subtasks in
layer �i

1 to depend on those in �i
2 if other subtasks in �i

2
simultaneously depend on �i

1.
In fully connected networks, each neuron in layer �i

j receives
input from every neuron in the preceding layer �i

i−1, resulting
in a dense dependency graph. In contrast, sparsely connected
networks exhibit a significantly reduced number of interlayer
dependencies, enabling more flexible computation.

C. Problem Definition

One of the main challenges in scheduling tasks on multicore
systems is managing shared resources, particularly within the
memory hierarchy, which includes caches, buses, and main
memory. Upper bounds for the access latency of locally cached
versus nonlocal memory contents can make a significant
difference to a task’s WCET. Consequently, the WCET of a
task can be significantly tighter bounded when a majority of
memory accesses can be guaranteed to be local within a CPUs
cache. As a result, locality of memory accesses impacts the
system WCRT, a critical factor in meeting timing guarantees
in real-time systems.

In this work, we address the problem of WCET
minimization for memory-intensive tasks. Specifically, given
m ∈ {1, . . . , |M|} dedicated processors we aim to schedule the
subtasks τi,j of a task τi to minimize its WCET Ci,m.

III. WORST-CASE EXECUTION TIME OPTIMIZATION

In this section, we study intratask scheduling to minimize
the WCET of a task τi given a number of m dedicated
processors. To that end, we first model the execution time of
subtask in the presence of memory locality, in Section III-A.
Afterwards, we formulate an MIQCP to minimize the exe-
cution time of τi, in Section III-B. This programming
can be solved efficiently using solvers like Gurobi [4]. In
Section III-C, we propose an initial condition for the solver.

A. Locality-Aware Execution Model

The execution time of each subtask τi,j comprises a base
WCET WCETbase (achieved if all processed data is locally
available) and penalties for moving data. We assume that there
is a constant WCET penalty WCETpenalty that is added to
WCETbase for every subtask that τi,j requires data from that
has to moved between the cores. Specifically, if there are ξ
subtasks on different cores than τi,j, whose data τi,j depends
on, then the execution time for τi,j is

WCETfull(ξ) :− WCETbase + ξ · WCETpenalty (1)

Note that to obtain a safe upper bound on the WCET without
modelling the cache behavior, we assume that the full penalty
is considered even if data is potentially cached on the core.

B. Formulation of the MIQCP

To model the intratask schedule of τi, we abstract the
schedule of subtasks τi,j on the level of layers. That is, we
specify the start time and finishing time of each layer on each
processor. Given the set of layers Li = {�i

0, . . . , �
i
L−1} and the

set of m processors P = {p0, . . . , pm−1}, we define the start
times SPC and finishing times FPC by

SPC: Li × P → N and FPC: Li × P → N (2)

Those start and finishing times deliver a static execution plan
of the neural network. The time that is required by a layer on
a processor is then defined by TR = FPC − SPC.

The global start and finish time of each layer is denoted by
S : Li → N, with S(�i

j) = maxpk∈P SPC(�i
j, pk), and F : Li →

N, with F(�i
j) = maxpk∈P FPC(�i

j, pk), respectively. The whole
network finishes at

max
�i

j∈Li
F
(
�i

j

)
, (3)

i.e., this is the cost function of our WCET analysis.
Our formulation of the optimization problem assumes that

layers are executed nonpreemptively, i.e., if a layer �i
j is started

on a processor pk, then another layer �i
j′ cannot start on pk

before �i
j is finished. That is, for all �i

j �= �i
j′ ∈ Li and

pk ∈ P , either SPC(�i
j, pk) ≥ FPC(�i

j′, pk) or FPC(�i
j, pk) ≤

SPC(�i
j′ , pk) must hold. Although this assumption might intro-

duce pessimism, it enables good performance and scalability
of our solution. Furthermore, if there is only one layer �i

L−1
without any outgoing data dependencies, i.e., the last layer,
then with this assumption the cost function simplifies to
F(�i

L−1) = maxpk∈P FPC(�i
L−1, pk).

To find a suitable schedule of layers, in the optimization
problem, we partition the full number of neurons of each layer
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(a) (b) (c)

Fig. 1. Performance comparison across structural complexity, output class count, and core availability. (a) Prediction accuracy for tasks with varying structures.
(b) WCET minimization results using four cores. (c) WCET minimization results across varying core counts.

to the different cores by a function NLC: Li × P → N. An
additional constraint ensures that all neurons are computed on
a core. All executed networks in the system are merged to a
single set of layers, that can be scheduled in a constraint order,
where layers from one network need to execute in order. We
assume that this data dependencies between layers are checked
in the form of a function ID : Li × Li → {0, 1}, with

ID
(
�i

j, �
i
j′
)

=
{

1 if �i
j is data dependent of �i

j′
0 else

(4)

The time required to run a layer �i
j on a core pk is then

TR
(
�i

j, pk

)
= NLC

(
�i

j, pk

)
· WCETfull

(
ξ(�i

j, pk)
)

(5)

where an upper bound ξ(�i
j, pk) on the number of data

dependencies is computed as

ξ
(
�i

j, pk

)
=

∑

�i
ξ∈Li\{�i

j}, pψ∈P\{pk}
ID

(
�i

j, �
i
ξ

)
· NLC

(
�i
ξ , pψ

)
(6)

We ensure that the required time is respected by the condition

TR
(
�i

j, pk

)
= FPC

(
�i

j, pk

)
− SPC

(
�i

j, pk

)
(7)

for all �i
j ∈ Li and pk ∈ P . Please note that this also ensures

that SPC(�i
j, pk) ≤ FPC(�i

j, pk) and S(�i
j) ≤ F(�i

j), because
TR(�i

j, pk) ≥ 0 holds by definition.

C. Initial Conditions

In order to accelerate the convergence process of the
programming, we derive a heuristic solution, which is used as
an initial condition for the solution of the MIQCP. Iterating
through each layer of the neural network, we assign each
layer’s neurons to a core using a round-robin approach. The
intuition for this policy is that neurons within a layer cannot be
dependent on each other, and thus can be allocated to different
cores without suffering penalties. We note that processors do
not differ, as we assume a homogeneous system. This initial
candidate solution is encoded within the P matrix as follows:

Pj,k =
{

1 if j mod m = k
0 otherwise

∀�i
j ∈ Li ∀pk ∈ P (8)

If the problem has the same number of layers and processors,
i.e., |Li| = |P|, the result of our heuristic would be the identity
matrix P = I|Li|. It is entirely possible that the initial candidate
misleads the solver, resulting in a longer solve time.

IV. EVALUATION

To evaluate the effectiveness of the proposed WCET
minimization approach, we conduct a numerical analysis
across various configurations. We consider monolithic (nondis-
aggregated) and disaggregated neural networks with equivalent
computational loads, measured by the total number of weights
in the model. As a dataset for evaluation, we choose the
Room Occupancy Estimation [5], which has 16 features and
4 classes.

We use a multilayer perceptron (MLP) [6], well-suited
for embedded systems due to its performance and efficiency.
We employ model-based optimization (MBO), also known
as Bayesian Optimization [7], for hyperparameter tuning,
using BoTorch [8], a PyTorch-based library. For WCET
optimization, a nonpreemptive optimal schedule is derived
using the MIQCP model in Gurobi, with a 48-h time limit
for the monolithic and disaggregated neural networks. If the
optimizer fails to converge, its heuristic solution is used.
Scheduling is performed for systems with 1 to 8 cores, and
each schedule’s feasibility is verified through simulation. We
set the cache miss penalty to 3

5 of the base WCET for each
neuron, which is derived by microbenchmarks on several
systems. We evaluate our approach against a baseline heuristic
scheduler implemented as a greedy, locality-aware round-robin
algorithm. In this baseline, each core selects the next available
layer based on recently computed values. If no dependent layer
is ready, either due to unmet dependencies or task completion,
the core proceeds to the next available layer. To quantify the
performance difference, we compute the ratio of the baseline
WCET to that of our MIQCP-based scheduler, referred to
as the Improvement Factor. A value of 1 indicates identical
WCETs, while a value of 2 means the MIQCP-based schedule
achieves half the WCET of the baseline.

Fig. 1(a) shows the prediction accuracy results for both the
original monolithic neural network and the disaggregated neu-
ral network structure. For each neural network the total number
of weights is calculated by multiplying the weights of each
classifier by the number of classifiers (classes). For clarity, we
present a subset of results, focusing on configurations with
up to 3.5 × 105 weights. The disaggregated neural network
achieves prediction accuracy comparable to that of the original
neural network, with differences within 2 %.

For evaluation of WCET minimization, the number of
cores is fixed to four CPU cores in Fig. 1(b). The MIQCP
scheduler consistently achieves greater WCET reductions for
disaggregated neural networks compared to monolithic neural
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networks of equivalent size. In absolute terms, our MIQCP
scheduler reduces WCET by approximately 2–3 times com-
pared to the baseline for monolithic neural networks, and by
approximately 3–4 times for disaggregated neural networks.
These results demonstrate the substantial benefits of our
approach in optimizing WCET, particularly for disaggregated
structures.

Furthermore, we evaluate the performance of our MIQCP
scheduler with a varying number of CPU cores in Fig. 1(c).
For this analysis, we fix the size of the MLPs to 105

weights and vary the number of CPU cores between 2 and 8.
For disaggregated neural networks, a sweet spot for WCET
minimization emerges between 3 and 5 cores. For monolithic
neural networks, WCET minimization decreases steadily with
more CPU cores but lacks a clear sweet spot, reflecting their
inability to efficiently leverage parallelism due to the absence
of independent partitions.

V. RELATED WORK

This section reviews relevant research in two key areas:
1) memory-aware WCET optimization and analysis, and
2) time-predictable neural networks.

a) Memory-aware WCET optimization and analysis:
To achieve less pessimistic WCET estimation, numerous
approaches have been proposed over the past decades. In
order to provide tighter WCET bounds, Zhang and Yan [9]
proposed a method to analyze worst-case cache interferences
and bound the WCET for threads running on multicore
processors with shared direct-mapped L2 instruction caches.
Herrmann et al. [10] addressed heterogeneous resources, such
as dual-memory clusters with multicores and dedicated accel-
erators (FPGA or GPU), by proposing a memory-aware list
scheduling approach using an intricate ILP formulation.

b) Time-predictable neural networks: Several studies
have investigated the WCET estimation of neural networks
directly by either measuring or estimating the execution
time of monolithic networks, which are either single core
only or lack sound formal guarantees. Tizpaz-Niari and
Sankaranarayanan [11] apply statistical methods to estimate
the extreme-case WCET of a neural network. Silva et al. [12]
introduced ACETONE, a framework that compiles neural
networks into C code and provides sound timing bounds using
the Otawa tool.

In terms of scheduling multiple networks, Ling et al. [13]
decompose neural networks into duo-blocks, dynamically
allocating them to a CPU or GPU based on current load
to avoid deadline misses in real-time systems. While their
partitioning approach is relevant, BlastNet’s scheduling lacks
formal guarantees. Other studies [14], [15] also use network
partitioning to improve performance on edge devices but do
not specifically address timing analysis.

None of these works investigates the WCET-aware parti-
tioning and allocation for neural-network-based workloads on
multicore real-time systems.

VI. CONCLUSION

This work addresses the challenge of optimizing WCET
for neural network-based workloads in safety-critical systems
on multicore platforms. We proposed a WCET-aware sched-
uler based on a MIQCP formulation that optimizes layer

partitioning and neuron allocation to minimize execution
times. Our approach is applicable to both monolithic and
disaggregated neural networks, achieving significantly better
performance in disaggregated networks by leveraging their
sparse data dependency structures. Comprehensive evaluations
demonstrated substantial WCET reductions, while maintaining
comparable prediction accuracy across diverse datasets and
configurations.
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