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Abstract—When designing a real-time system, application
architects are called to settle many non-trivial decisions that
may severely influence the system’s performance. With modern
hardware platforms always being more and more complex and
equipped with heterogeneous processor cores or even hardware
accelerators such as TPUs, FPGAs, or GPUs, the complexities
to be faced by application architects are exacerbated. Therefore,
they are called to wisely allocate the computational resources
provided by the hardware platform to application tasks in such
a way to meet timing requirements and optimize other goals such
as energy consumption. This paper proposes a mixed-integer
linear programming formulation (MILP) to solve the task-to-
heterogeneous-cores allocation problem while guaranteeing the
schedulability of a real-time application running on the platform
under partitioned Earliest Deadline First (EDF) scheduling. A
new method to derive approximate worst-case response-time
bounds is also presented and leveraged to setup the MILP formu-
lation, which allows computing and minimizing the end-to-end
latency of processing chains and considers energy requirements.
The approach is evaluated on a task set based on the WATERS
2019 Industrial Challenge proposed by Bosch.

Index Terms—Task Allocation, Real-Time Systems, Schedula-
bility, EDF, Heterogeneous Platforms

I. INTRODUCTION

A vast increase in computation requirements has char-
acterized recent years. Indeed, it is always more common
to run largely computational expensive applications even on
resource-constrained platforms such as embedded systems.
This is the case, for example, of autonomous driving and ad-
vanced driving assistance systems (ADAS) [1, 2] or workloads
generated by applications leveraging artificial intelligence [3]—
[5]. In these applications, computational activities (tasks) are
often required to complete within well-defined deadlines to
avoid performance degradation or possibly even catastrophic
consequences such as the loss of human lives.

Hardware platforms have been able to cope with such a
huge computation demand by increasing their own complexity.
Indeed, an always more viable and preferred choice is the
usage of heterogeneous processing platforms equipped with
heterogeneous cores [6] running at different speeds, offering
different instruction set architectures, and being characterized
by different energy consumption profiles. In some cases, such
platforms also include hardware accelerators such as TPUs,
GPUs, or FPGAs [7].

As a result, application designers of real-time applications
are called to always make more complex decisions. Among
them, a common design question is about how to properly

allocate tasks to the computational resources provided by the
hardware platform.

For example, when having cores with different speed pro-
files, which tasks to allocate on faster cores and which on
slower ones to guarantee all tasks meet their deadlines? Or,
when disposing of a hardware accelerator and of tasks with
multiple implementations (e.g., on a CPU or a GPU), which
ones to run on the core and which on the accelerator?

These choices gain particular importance in applications
where tasks communicate among themselves in a producer-
consumer fashion, forming processing chains of communi-
cating tasks, which are common in automotive [8, 9] and
robotics applications [1, 10]. Chains might span from the
sensing of a new data sample to the corresponding actuation,
traversing multiple software components, possibly distributed
over multiple hosts.

Bounding the end-to-end latency of such chains is cru-
cial to ensure the temporally correct behavior of modern
cyber-physical systems. However, different resource allocation
choices may lead to significantly different end-to-end latencies
for chains.

Contribution. To this end, this paper proposes to adopt an
optimization-based approach in the form of a mixed-integer
linear programming formulation (MILP) to determine the
best task-to-core allocation in platforms with heterogeneous
processing cores.

The optimization problem leverages real-time analysis tech-
niques for Earliest Deadline First (EDF) scheduling [11]
(an optimal scheduling algorithm on multiprocessor platforms
using partitioned scheduling) and allows guaranteeing timing
and energy constraints while bounding the end-to-end latency
of processing chains.

However, directly computing accurate response-time bounds
under EDF is not trivial and difficult to be encoded in an MILP
formulation, which mandates linear constraints.

To cope with this issue, this paper adopts an approach
based on demand-bounds functions [12], which are more
amenable to being encoded in linear form [13, 14]. This allows
guaranteeing timing constraints, but it is not enough to bound
the end-to-end latency of processing chains, which requires a
bound on the worst-case response time of each task involved in
the chain. We therefore use insights about the relation between
demand bound functions and response times to propose a novel
method to compute approximate response-time bounds under
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EDF, which in turn enables the computation of worst-case
response-time bounds for end-to-end latencies in task chains.
We evaluate our proposal on a task set based on the
WATERS 2019 Challenge provided by Bosch, showing that
our modeling is capable of optimizing a representative ADAS
application on the Jetson TX-2 heterogeneous platform.

The contribution of this paper builds the roots for a design-
exploration tool to tackle the placement of real-time appli-
cations on a heterogeneous platform, providing significant
advantages to application designers that would be otherwise
forced to deploy different configurations and empirically mea-
sure response times and end-to-end latencies, ending up in a
very time-consuming process with no guarantee of optimality.
Paper Structure. The remainder of this paper is organized as
follows. Section II introduces the system model. Section III
presents the real-time analysis theory required to encode the
heterogeneous task-to-core optimization problem under EDF.
Section IV presents the optimization problem. Section VI
discusses the related work. Finally, Section VII concludes the

paper.
II. SYSTEM MODEL

Platform and Workload Model. We consider a heterogeneous
embedded platform with a set of m cores. Each core p;, € P
is characterized by a type, which determines the speed and the
energy consumption of the core.

The workload is composed of a set of n real-time tasks
I' = {n,...,7,}. Each task released a potentially-infinite
sequence of instances according to a period 7;. Each instance,
also called job, needs to complete within D; time units from
its release, where D, is the constrained deadline D; < T; of
the task. A task set I' is said to be schedulable if, for each
task, all its instances can complete within the deadline.

Each task 7; is characterized by a core-dependent worst-case
execution time (WCET). The symbol C¥ denotes the WCET
of 7, when it is assigned to core py.

Each task is also characterized by a per-job worst-case
energy consumption e , which depends on the heterogeneous
core pi to which it is assigned. It is required that the
overall task set satisfies a maximum-energy requirement in
a given operational time O, i.e., that the sum of the energy
consumptions of all jobs of all tasks in an arbitrary interval
of time with length O is less than or equal to a threshold E.
For example, this can be used to model an energy constraint
for a battery-powered device, where the total energy needs to
be enough to guarantee the functional behavior for a given
interval of time given at design time.

The utilization U’c of a task 7; on a core py is defined as

the ratio of the WCET and the period, i.e., Uk C;

Scheduling. Tasks are assigned according to the partztloned
scheduling paradigm, i.e., each task 7, € I' is statically
assigned to only one core. This scheduling strategy showed to
be particularly beneficial in fostering predictability [15, 16].
The set of tasks allocated to a core pj is denoted with I'y.
Each core is scheduled according to the Earliest-Deadline First

scheduling algorithm [11].

Task Chains. Tasks are also characterized by functional
dependencies. A processing chain w, is an ordered sequence
of tasks characterized by a producer-consumer relationship,
where each task 7; may belong to multiple sequences. The
set of all the chains is denoted with €2. As for individual
tasks, processing chains are characterized by a chain end-to-
end deadline D%. In this paper, we consider time-triggered
chains [17], i.e., there is no data-driven activation between
tasks in the chains, which are instead released periodically.
Notation. The most important symbols used throughtout the
paper are summarized in Table I.

TABLE 1

TABLE OF SYMBOLS.
Symbol | Description
m number of cores
P the set of all processors
Pk a core in set P
I the task set of all real-time tasks
Ty the task set of real-time tasks on px
T a real-time task
T; period of 7;
D; deadline of 7;
Cf WCET of 7, when on py
Uk utilization U¥ of 7;
S slack of 7;
R; worst-case response-time bound of 7;
ek energy consumption of a job of 7; on pi
Q the set of all processing chains
Wy a processing chain
Dy the deadline of processing chain wy
L. end-to-end latency of processing chain w;

III. ANALYSIS

Before presenting the optimization problem, this section
presents the real-time analysis theory techniques needed to
guarantee timing constraints under partitioned EDF, generaliz-
ing the notation to platforms with heterogeneous cores based
on the system model notation. In this section, we focus on
those mechanisms that are used to encode the task-to-core
placement problem.

A. Schedulability Analysis

Under partitioned scheduling, the schedulability of the over-
all task set I' is determined by checking if all tasks set I'y of
cores pi € P are schedulable.

For each core p;, € P, the schedulability under partitioned
EDF can be checked either using the response-time analy-
sis [18]-[20] or using the processor-demand criterion [12].
Response-time analysis (RTA) techniques are based on upper-
bounding the worst-case response time (WCRT) R; of each
task, i.e., the maximum time span elapsed from the release
to the completion of any of its instances. Under EDF, RTA
techniques are rather complicated: for example, the one in [20]
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Fig. 1. Graphical representation of function Wf (¢).

has O(n - Tz - L?) complexity [21], where n is the number
of tasks, Tnqz is the maximal period of all tasks, and L? is the
maximal busy period length [20]. Furthermore, the response-
time analysis requires solving a recursive equation, making it
hard to be implemented in an optimization problem in the case
of EDF'.

Alternatively, the schedulability of a task set I'y, of periodic,
constrained-deadline, real-time tasks for an arbitrary core
pr € P can be determined based on the processor-demand
criterion (PDC) proposed by Baruah et al. [12]. As discussed
later in this section, it can be approximated more easily for
being implemented in an optimization problem.

The processor demand criterion builds upon the definition,
for each task 7; € I, of a demand bound function defined as
follows:

dbff(t) = { (1)

The PDC is recalled below.
Theorem 1 (Processor Demand Criterion [12]): A task set
I'y, is deemed schedulable on a core py, if and only if

VteD=Uner,{t=D;+ fT;: t <L, f € N>o},
> dbff(n) <t 2

i€l

t+1T;, — D, k
P = D0l o
R

where bounds for L* are available in [12, 24].

The PDC has pseudo-polynomial time complexity when the
utilization is strictly less than one. Furthermore, it is not linear
due to the presence of the floor operator in Eq. (1). Thus, the
PDC is not a good fit for being directly implemented in a
mixed-integer linear programming formulation.

Therefore, we use an approximate definition of the demand
bound function and a sufficient schedulability test. The ap-
proximation has been defined as follows [14]:

s i - CF if ¢ < T+ D;
dbff(t):{y C; if t <vT; +

3
CF 4+ UF(t— D;) otherwise. ©

The constant parameter v; > 0 allows tuning the trade-off
between analysis precision and runtime required to solve the
problem by regulating the number of steps of the original DBF
to maintain the approximation.

!Efficient techniques have been proposed but only for the case of fixed-
priority scheduling [22, 23].

Next, we recall the sufficient schedulability test for EDF
that uses Wf (t).

Theorem 2 ( [14]): A task set 'y is deemed schedulable

on a core py if ZTzEFk U; <1 and
vie | em), . dfim <t @
T €l 7€k
where
f(TZ):{STl-f—Dl}, SZO,...,I/,L'. (5)

Theorem 2 is more amenable to implementing processor
demand analysis in a mixed-integer optimization problem.

First, sets £(7;) contains a linear number of points for each
task. Second, Wf (t) it is a linear formulation: indeed, it is
either a constant function equal to v; - C’f if t < v T; + D;,
or a linear function otherwise.

B. End-to-End Latency Analysis

Following the results by Davare et al. [17], the end-to-end
latency L, of a chain w, € 2 of time-driven communicating
tasks can be bounded as:

Ly= ) (Ri+T)-T, 6)

Ti €Wy

under the assumption that the chain is triggered synchronously
with the release of the first task 7 of the chain.

In essence, Eq. (6) assumes that each task completes an
input operation just before new data becomes available, thus
requiring to wait for the next job for sample updated data [17].

However, this approach requires bounding the worst-case
response-time R; of each task in the chain. As discussed in
Section III-A, WCRT bounds for EDF are hard to encode
in an optimization problem. Therefore, this paper uses an
approach based on approximate demand-bound functions to
assess schedulability. However, there is a link between the
two analysis methodologies, which is discussed next.

C. From dbf analysis to response times

The link between these two analysis techniques comes
from [21]. The authors of [21] proposed to compute the WCRT
R; by means of the worst-case slack time of each task 7, i.e.,
the length S; of the shortest interval from a job’s completion
until its absolute deadline.

If S; is known, then the WCRT can be computed as:

R;=D; - S;. @)

For each task 7;, S; can be lower-bounded as follows.
Theorem 3 ( [21]): It holds:

Si>, min_ (t — sbf}, ( ; dbff(t))) . ®

where £ is a bound on the analysis interval [21] and sbf(x)
denotes the minimum interval length to provide an amount x
of computation capacity on the core py.
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The formulation in [21] differs from the one required in
this paper in several parts. First, it uses a general function
to model the supply time provided by a core pg, while this
paper assumes that all the computing capacity of the core is
dedicated to real-time tasks. It follows that sbf,(z) = .

Therefore, the expression Ek(znerk dbfi(t)) in Eq. (8)
can be simplified as > _ . dbfi(t).

Second, Theorem 3 uses the complete formulation of the
demand bound function and tests the condition in all the
points in the interval [D;, L*]. We show next in Theorem 4
that a similar result can also be obtained when using the
approximation scheme of Theorem 2.

Theorem 4: Consider a core pp € P. Let X =
U, ery &(1;,Dy), €(7;) is defined as in Eq. (5), and

&(7j, D) = {t: t € {(75) Nt = Di}. ©9)

If ZTieFk; Uik < 1, it holds:

S > min <t— 3 dbff(t)) . (10)

i€k

Proof.

Consider an arbitrary time instant ¢ € X. By construction,
Wf (t,T;) > dbfF(t,T;), hence if Eq. (8) is satisfied for a
given ¢, also Eq. (10) is satisfied. Next, it remains to show that
it is sufficient to check points in the set X'. Assume there exist
a point t € [D;, L]\ X (i.e., considered in Theorem 3 but not

S . ok
in this theorem) such that S; < Inin (t =2 rer, dbf; (t))

Note that functions dbf”(t) (used in Theorem 3) are step-
wise functions that change value only in correspondence of
their discontir}cuities. Since & includes all the discontinuities of
functions dbf, (t) greater than or equal to D;, if a discontinuity
of dbfF(t) in [D;, L] that is not in X brings to a smaller value
of S; by Theorem 3 it means that for such a discontinuity ¢* of

———k
dbfF(t) holds t* =" . dbf; (t*) >t*=> . db [l,k (t*)
but this is impossible because by definition because dbf; (t) >
dbfr(t). O

D. Energy Consumption

Battery-constrained systems, such as many embedded real-
time systems, need to remain operational for a given time.
This reflects in a constraint on the energy consumption of the
tasks, which is influenced by the task-to-core placement and
by tasks’ periods. In particular, we need to enforce that the
overall amount of energy required in the operation time O is
less than the threshold E. Given the per-job worst-case energy
consumption e¥, we need to know how many jobs of each task
7; may be released in an arbitrary interval of length O. Such

2
energy consumption of a task 7; in the operational time is

a number of jobs is bounded by -‘ jobs. Hence, the overall

computed as e¥(0O) = e - {TQ-‘ . Therefore, the system needs
to guarantee that:

Z Z ek(0) < E. (11)

prEP el

Note this constraint only serves the purpose of proving the
extensibility of our MILP formulation, while we leave a finer-
grained modeling of energy consumption as future work.

IV. OPTIMIZATION

This section presents the optimization problem. We start
presenting the variables in Section IV-A. Then, Section IV-B
discusses the constraints, providing a corresponding proof
for the more complex ones. In some constraints, we use
the so called big-M formulation, denoting with M a large
constant representing infinity. Finally, Section IV-C discusses
two different objective functions.

A. Variables

o Task-to-core assignment: For each task 7; € I', and for
each core py, € P, CT; ;, € {0,1} is a binary variable set
to 1 if 7; is allocated to pg; O otherwise.

o Tasks assigned to the same core pi: For each core
pr. € P, for each task 7; € I, and for each task 7; € T,
SP; ;. € {0,1} is equal to 1 if the two tasks are allocated
in the same core pi. Otherwise, it is equal to 0.

e Slack candidate of a task: For each 7; € I, for each 7; €
I, for each t; , € £(75, D;) (see Eq. (9)), SLC; j 4 € R=0
is a candidate slack bound for ;.

e Selector for slack candidate of a task: For each 7; € T,
for each ¢, , € &(75, D;) (see Eq. (9)), SEL; ;4 € {0,1}
is set to 1 if ¢; 4 is the candidate WCRT bound.

e Slack of a task: For each 7; € T, SL; € RZ? is the slack
bound of 7;.

e Response time of a task: For each 7; € T, RT; € R2Y is
an auxiliary variable for the WCRT bound of 7;.

o Latency of a chain: For each w, € Q, LT, € R=% is a
bound on the end-to-end latency of w,.

B. Constraints

We start presenting the constraints by enforcing each task
to be allocated to only one core.
Constraint 1 (Partitioning): For each 7; € T,

> CTip=1.
pLEP

Constraint 2 is used to guarantee the schedulability of each
core using Theorem 2.

Constraint 2 (EDF schedulability): For each p, € P, for
each 7; € T, Vt; , € £(75) (see Eq. (5)),

S (@F; () - CTig) <t (12)

T, el

Proof.
By Theorem 2, a task set I'; is deemed schedulable if Vt €
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Urer, €(7i)s 2orer, Wf (t) < t. the constraint is checked
for each 7; € T', Vt; 4 € & (Tj), which includes all the points
in the set U, cr, &(7:). For each p;, € P, variable CT; ; is
used to sum the demand of 7; in ¢; , only if 7; is allocated to
pr- U

The next constraint enforces that the overall energy con-
sumption of the task set in the operational time O is within
the energy budget I enforcing Eq. (11).

Constraint 3 (Energy Budget):

PP

pr€P 1€l

O
~|.CT,. < E.
’VTi—‘ CT;, <FE (13)

Next, we define a constraint to enforce the definition of
SPi,j,k.

Constraint 4 (Tasks assigned to the same core): For each
core py € P, for each task 7; € I, and for each task 7; € T,

(14)
5)

SPijx >1—(2—CTy), — CTj ),
SPijk <CTik, SPijr <CTjg.

Proof.
This constraint enforces the definition of SP; ;. as follows.
For an arbitrary core p; € P and two arbitrary tasks 7; and
Tj, it can be either (i) neither 7; nor 7; is on py (i.e., CT; ; =
CT, = 0), (ii) only one of the two tasks is on p;, (either
CT;x = 1and CT;; = 0 or CT;;, = 0 and CT;; = 1), or
(iii) both tasks are allocated to py.

Therefore, the constraint needs to enforce SP; ;5 = 1 only
in case (iii), and SP; ; ; = 0 otherwise.
Case (i): Eq. (14) enforces SP; ; . > —1 and Eq. (15) enforces
SP; j.x < 0. Since SP; ;1 € {0,1} it follows SP; ; , = 0.
Case (ii): Eq. (14) enforces SP; ;. > 0 and Eq. (15) enforces
SPi,j_’k < 0 and SPi’jﬁk < 1. It follows SPi,j_’k =0.
Case (iii): Eq. (14) enforces SP; ; , > 1 and Eq. (15) enforces
SPiJ"k < 1. It follows SPi,jA,k =1.0

The following two constraints are used to encode the slack-
bound computation according to Theorem 4. Eq. (10) involves
a minimization of the quantity t—Y__ .. Wf(t) foreach t €
X, where X is defined in Theorem 4. Constraint 5 defines the
individual slack candidates of the minimization using variables
SLC; ;g

Constraint 5 (Slack bound candidate):
for each 7; € I, Vt; , € £(15, D;)

——k
SLCijg=tjg— > > (dbfy(tig) - SPink),
PrEP THED

where &(7, D;) is defined as in Eq. (9).
Constraint 6 encodes the minimization in Eq. (10).
Constraint 67(Slack bound): For each 7; € I', for each

Tj € T, Vt]‘,g S S(Tj,Di)
SL; <SLGC; 4,

SL; > SLC; ;4 — (1 —SEL; ; 4) - M,

For each 7; € T,

16)

a7
(18)

153

with

> X

i€l t; 4€8(7;,Ds)

SEL; ;4 = 1. (19)

Proof.

Eq. (17) enforces SL; to be smaller than or equal to all
candidates SLC; ; , defined in Constraint 5. Eq. (18) and
Eq. (19) enforces only one candidate to be selected as a slack
bound: in particular Eq. (18) forces SL; to be greater than or
equal to one slack candidate SLC; ; ,. Due to Eq. (17), the
only feasible solution involves selecting the smallest SLC; ; ,.
|

Once the slack is computed using variables SL;, Con-
straint 7 bounds the worst-case response time using Eq. (7).
Constraint 7 (WCRT bound): For each task 7; € I,

RT; = D; — SL; (20)

Constraint 8§ computes the latency bound for the processing
chains by enforcing Eq. (6).

Constraint 8 (Processing chain latency bound): For each
processing chain w, = {7y,...} €,

LT, = > (RT;+T;) - Ty,

Ti €Wz

ey

Finally, Constraint 9 enforces the end-to-end deadlines for
processing chains.

Constraint 9 (End-to-end deadlines): For each processing
chain wy, = {7y,...} € Q,

LT, < D¥. 22)

C. Objective function(s)
We consider two different objective functions:

1) mM-RT: the minimization of the maximum ratio between
WCRTs (as computed by variables RT;) and the corre-
sponding deadline D;;

2) mM-LT: the minimization of the maximum end-to-end
latency of a processing chain;

Note that objective functions requires defining two additional
variables RTyax and LTyvax, and enforcing them to be greater
than or equal to all WCRT ratios and chain latencies, respec-
tively.

V. EVALUATION

This section evaluates the proposed approach on the bench-
mark task-set derived from the one proposed at the WATERS
2019 Challenge by Bosch [25]. This benchmark consists of
an ADAS application to be executed on the Jetson TX-2
heterogeneous platform. The Jetson TX-2 is a heterogeneous
platform with six cores: four of them are ARMv8 A57 cores
running at 1.9 GHz, while two of them are ARMv8 Denver
cores running at 2 GHz. The considered task set includes
eight tasks: Lidar, Localization, CAN (Controller Area
Network), EKF (Extended Kalman Filter), SFM (Structure
From Motion), DASM (Drivers Assistance System Module),
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TABLE 11
TASK SET USED IN THE EVALUATION (MS).

ID Name T; WCET AS57 WCET DENVER
1 Lidar Grabber 33 14,379 10,868

2 DASM 5 1,958 1,3

3 CAN Polling 10 0,632 0,6

4 EKF 15 5,011 4,430

5 Planner 15 13,939 12,437

6 SFM 33 31,055 27,812

7 Localization 400 407,811 294,808

8 Lane Detection 66 53,732 42,238

Planner, and Lane Detection: the task parameters are
summarized in Table II, including their periods and the worst-
case execution times for each type of core. Time values are in
milliseconds. These tasks are characterized by communication
relations, represented by arrows in the graph depicted in Fig. 2.
Each path of the graph gives rise to a processing chain, for
which we bound the worst-case end-to-end latency. The set of
all the processing chains is reported in Fig. 3, together with an
ID that will be used to identify them in the evaluation results.

Our MILP formulation is used to determine at design time
a task-to-core placement allowing all tasks to complete within
their deadlines. This involves deciding which tasks to allocate
on the faster Denver cores and which ones on the slower
AS57 ones. Furthermore, the MILP formulation is able to
optimize the provided solution according to the two objective
functions defined in Section IV-C (i.e., mM—-RT and mM-LT)
and, thanks to its modular nature, can be easily extended
to account for other constraints (e.g., offloading tasks on
hardware accelerators) and objective functions in future work.

The MILP formulation has been solved with the C++ ver-
sion of IBM CPLEX on an Intel Core i7-6700K @ 4.00GHz.

Results. The problem has been solved for the two objective
functions, reporting in both cases a very short running time of
0.03 and 0.08 seconds for mM-RT and mM-LT, respectively.
This is because our approach that makes use of approximate
demand bound functions to indirectly bound the worst-case
response time leads to an efficient formulation of the op-
timization problem with a limited number of variables and
constraints, which would have been hard to achieve by directly
encoding standard response-time analysis techniques for EDF
scheduling, as discussed in Section III-A.

Fig. 4 reports the ratio between the worst-case response
times and the deadline of each task for the two objective
functions. As expected, the mM-RT objective function allows
a reduction from 0.94 (which occurs for mM-LT) to 0.84 of
the ratio of the SFM task, which has a WCRT very close to
its deadline.

Fig. 5 reports the latencies obtained with the two objective
functions, which are also reported numerically in Table III. In
Fig. 5, chains have been separated into two different charts
according to the magnitude of their latencies to allow easier
comparison. In this case, the mM-LT objective function allows
achieving a shorter end-to-end latency for chain 4 of 765 ms,
which is the longest, while mM—RT reports a latency of 778 ms.

Lane Detection

Fig. 2. Communication among tasks in the task set used for the evaluation.

SFM Planner DASM
| OO
Lane Detection  Planner DASM
2 OO0
CAN Localization EKF Planner DASM
| OO OO0
Lidar Localization EKF Planner DASM
OO OO
Lidar Planner DASM
: OO0
CAN EKF Planner DASM
| O-O-0O-O
CAN Planner DASM
1 OO0
IO Task --» Communication ‘

Fig. 3. Complete set of all the processing chains in the task set of Fig. 2

This is due to different task-to-core placements derived by the
optimization problem when using the two objective functions.

The placement is reported in Table IV. For example, it can
be observed that the solver allocates the SFM task in a (faster)
Denver core when using mM-RT, while mM-LT allocates it on
a A57 core. This observation explains how the better WCRT
ratio of Fig. 4 has been achieved.

Furthermore, Table IV shows that the Localization task
is always allocated to a Denver core because it has a WCET
greater than the period when allocated to an A57 core.

Overall, the evaluation shows how the proposed approach
allows deriving several non-trivial trade-offs at design time,
which can significantly help application designers. Indeed,
without an analysis-based optimization tool, the only alter-
native would be to deploy the system under several con-
figurations, test each configuration for an adequate amount
of time, collect the data, and compare each configuration,
which is clearly a largely time-consuming approach with no
guarantee of correctness and optimality. Instead, we answer
these questions at design time while guaranteeing an optimized
solution by using a MILP formulation.

VI. RELATED WORK

The problem of providing an optimized task-to-core as-
signment on multicore platforms has been extensively stud-
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ied [26, 27]. More close to us are works considering plat-
forms equipped with heterogeneous processing cores. This
problem is known to be NP-hard in the strong sense [28].
Several solutions exists, with many of them using integer
linear programming (ILP) techniques [28]-[31]. Other papers
proposed heuristics methods to solve this problem, e.g., using
ant-colony [32] or particle swarm optimization [33]. None
of them considers the optimization of end-to-end latencies of

TABLE III
CHAIN LATENCIES (MS) FOR CHAINS IN FIG. 3.

Chain Tasks mM-RT mM-LT

1 6-5-2 63,709 66,294

2 §-5-2 93,800 94,637

3 3-7-4-5-2 ] 755011 | 751,333

4 1-7-4-5-21 778511 | 765,069

5 1-5-2 61,300 49,618

6 3-4-5-2 60,203 56,525

7 3-5-2 37,800 35,882

TABLE IV
TASK PLACEMENT.

core id and core type

ID Name mM-RT mM-LT

1 Lidar Grabber 2 -A57 4 - A57
2 DASM 4 -A57 6 - DENVER

3 CAN Polling 3-Aa57 1-2a57

4 EKF 2 - A57 1-a57

5 Planner 1-2a57 2 - A57

6 SEM 5 - DENVER 3-A57
7 Localization 6 - DENVER 5 - DENVER
8 Lane Detection 3-A57 6 - DENVER
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processing chains under EDF scheduling.

Some other works targeted the big.LITTLE architecture
from ARM [6], e.g., by proposing partitioning heuristics for
such platforms [34]-[37]. These works mainly target implicit-
deadline task sets where deadlines are equal to task periods
and use utilization-based tests to test schedulability. Other
works considered the problem of partitioning an application
on a heterogeneous platform with a hardware accelerator,
considering a fixed-priority scheduling algorithm running on
processor cores [38]. Zahaf et al. [39] presented the HPC-DAG
model and corresponding schedulability analysis, specifically
considering NVIDIA platforms.

VII. CONCLUSIONS

This paper considered the problem of providing real-time
software systems application designers with the theoretical
foundation for the building tool’s design-space exploration
of the task-to-core allocation on heterogeneous applications
under EDF scheduling. We considered applications composed
of processing chains of communicating tasks, where it is
essential to bound their end-to-end latencies to meet timing
requirements. We highlighted that bounds for such latencies
require knowing the WCRT of each task, which cannot be
determined with standard analysis mechanisms based on the
demand-function abstraction, which are, however, suitable to
be approximated in a linear form and being encoded in an
optimization problem. We used insights about the relation
of the demand bound function and the worst-case response
time to compute it indirectly in the optimization problem,
thus making the task allocation aware of the processing chain
timing requirements. We evaluated our solution on a task set
based on the WATERS 2019 Industrial Challenge proposed
by Bosch, showing that our solution can optimize practical
applications for ADAS on the Jetson TX-2.

The next steps for future research include extending the pro-
posed formulation to account for tasks leveraging hardware ac-
celerators (e.g., a GPU) under EDF scheduling, for which the
real-time analysis literature has only a few recent results [40,
41], the consideration of time-driven processing chains com-
municating under the Logical Execution Time paradigm [42,
43], data-driven processing chains [10], OS-related delays [44,
45], and reservation-based scheduling paradigms [46, 47].
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