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Abstract—The increasing integration of heterogeneous proces-
sors on a chip presents significant challenges for efficient man-
agement in Multi-Processor System-on-Chip (MPSoC) platforms.
Network-on-Chip (NoC) architectures offer a flexible and scalable
interconnection paradigm through router-based communication.
However, mapping dependent, real-time tasks in NoC environments
critically affects data processing and transmission efficiency. An
optimized task mapping scheme must address constraints such
as real-time deadlines, energy consumption, and reliability, which
are key metrics for modern NoCs. Existing approaches often
overlook the complex interplay between communication paths and
their associated energy costs, resulting in suboptimal resource
utilization. This paper proposes a comprehensive task mapping
framework that jointly optimizes energy efficiency and reliability
by integrating Dynamic Voltage and Frequency Scaling (DVFS),
multi-path data routing, task allocation, scheduling, and par-
tial task duplication. We formulate the problem as a complex
combinatorial optimization task and transform it into a solvable
form with reduced computational complexity. Simulation results
demonstrate that the proposed method achieves superior energy
efficiency by reducing energy consumption by up to 38.6%,
reducing computation time, and improving task schedulability
compared to existing state-of-the-art approaches.

Index Terms—DVFS, Heterogeneous multi-core platform, Multi-
path routing, Network-on-chip, Task mapping, Task reliability

I. INTRODUCTION

EMBEDDED systems are more deployed in data-intensive
applications such as streaming media, image recognition,

and AGV/UAV control [1], driving demand for high processing
capabilities under stringent energy constraints. Recent advances
in semiconductor technologies have enabled the integration
of multiple processing units onto a single chip, giving rise
to Multi-Processor System-on-Chip (MPSoC) platforms. By
distributing application tasks across different cores, MPSoCs
can meet diverse performance demands [2]. However, with
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growing core counts and processor heterogeneity, the energy
and timing overhead of task execution increases significantly.

Traditional bus-based interconnects in MPSoCs struggle to
meet latency and bandwidth requirements due to their inher-
ently serialized data access patterns [3]–[5]. To overcome these
limitations, Network-on-Chip (NoC) architectures have emerged
as scalable alternatives [6], providing parallel, high-bandwidth
communication through router-connected processors [7]. NoCs
support diverse topologies (e.g., Mesh, Torus, Ring [8]), making
them well-suited to complex, heterogeneous MPSoCs.

However, the communication cost in NoC-based systems,
both in energy and latency, can be substantial. For example,
in the Alpha NoC platform [9], communication components
account for over half the total energy consumption. The choice
of data paths in NoC routing, in conjunction with task-to-core
mapping, directly influences performance. Hence, task mapping
and routing decisions must be optimized jointly.

Furthermore, real-time constraints are critical: failure to meet
task deadlines may cause control instability or functional fail-
ure [1]. Energy efficiency is equally important, especially in
battery-powered or thermally sensitive systems [10]. Notably,
improving one often comes at the expense of the other. Dynamic
Voltage and Frequency Scaling (DVFS) has been widely applied
to balance energy and timing trade-offs [2], [4], [8], [11].
Lower Voltage/Frequency (V/F) levels save energy but increase
task duration and vulnerability to transient faults. To mitigate
this, either higher V/F levels [8], [12] or task duplication
techniques [13], [14] can be applied. While duplication im-
proves reliability, it incurs communication overhead, especially
in NoC-based designs.

This paper addresses the task mapping problem for heteroge-
neous NoCs under combined constraints of energy, timing, and
reliability. In contrast to prior works focused on homogeneous
platforms or partial optimization goals, we propose an integrated
framework that jointly optimizes DVFS, task duplication, task
scheduling, and multi-path data routing. The main contributions
of this paper are as follows:

• Proposing an energy-efficient task mapping scheme using
partial task duplication and multi-path data routing. DVFS
and duplication mechanisms are jointly considered to balance
reliability, energy consumption, and real-time performance.

• Formulating the constrained energy-aware task mapping prob-
lem as a Mixed Integer Nonlinear Program (MINLP) and
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transforming it into a Mixed Integer Linear Program (MILP)
using auxiliary variables and constraints without altering the
feasible solution space.

• Developing a scalable, low-complexity heuristic by decom-
posing the original problem into three sequential subprob-
lems: task scheduling, frequency selection with duplication,
and routing. Each subproblem is solved using a greedy
approach with reduced variable dimensionality.

• Extensive simulations based on real application scenarios
demonstrate that the proposed method reduces energy con-
sumption while meeting timing and reliability constraints. On
average, it achieves solutions within 1 s runtime and improves
over the optimal baseline by 38.6%.
This paper proceeds with Section II reviewing related work

on energy- and QoS-aware, and reliability-focused task mapping
in multi-core systems; Section III presenting the system models
and formal problem formulation; Section IV introducing our
proposed heuristic algorithm; Discussing simulation results in
Section V; and drawing conclusions in Section VI.

II. BACKGROUND AND RELATED WORK

Task mapping for multi-core platforms has been widely
studied with objectives such as energy efficiency, Quality of
Service (QoS), and reliability. Early works model dependent
real-time tasks as Directed Acyclic Graphs (DAGs) [15], lever-
aging DVFS to minimize computation energy while satisfying
deadlines. These problems are typically formulated as MINLPs
and solved optimally using techniques such as Branch-and-
Bound. To further reduce power, Dynamic Power Manage-
ment (DPM) has been integrated with DVFS [16], and the
mapping problem is relaxed to MILPs solvable by tools like
IBM® ILOG® CPLEX®.

Most energy-aware task mapping methods target homoge-
neous multi-core platforms [17], using full-chip or per-core
DVFS schemes. Although optimal, such solutions are com-
putationally expensive due to the problem’s NP-hardness.
For scalability, heuristic approaches have been proposed that
approximate solutions based on convex relaxations [17].

QoS-aware mapping methods aim to optimize execution fi-
delity under time and energy constraints. Imprecise computation
models are adopted in [2], [4], where task execution cycles and
V/F levels are adjusted to maximize system-level QoS. Benders
decomposition [2] and two-stage problem separation [4] are
utilized to solve the mapping problem efficiently.

While DVFS can effectively manage energy and timing
trade-offs, it introduces reliability concerns, especially at lower
V/F levels [7], [8]. The extended execution time increases
the probability of transient faults (soft errors), which can be
modeled using Poisson-based reliability models [12]. Prior
work addresses this by adding reliability constraints [18] or
maximizing reliability metrics [19].

To meet strict reliability targets, task duplication is used for
fault tolerance. A single copy allows fault detection [13], while
triplication enables fault correction [14]. These approaches
assume low communication overhead, making them suitable for
bus-based systems where inter-core data exchange is inexpen-
sive.

Fig. 1. Task dependency and task layer classification.

For NoC-based platforms, DVFS-based methods are proposed
in [20], and joint DVFS-DPM techniques are explored in [21].
However, these do not consider reliability degradation caused
by DVFS. Some studies employ task duplication to enhance
reliability under timing constraints [22], [23], although they
primarily focus on homogeneous systems.

Recent efforts explore multi-path routing in NoC to man-
age communication energy and reliability. For instance, [24]
integrates routing and task mapping to avoid low-reliability
nodes, while [7] balances computation and communication costs
through path selection. Nevertheless, most existing approaches
assume homogeneous architectures and do not jointly optimize
DVFS, duplication, and routing for heterogeneous NoCs.

III. SYSTEM MODELS AND PROBLEM FORMULATION

A. System Model

1) Task Model: We consider a set of M periodic, non-
preemptive, real-time tasks T = {τ1, . . . , τM}, all released
at time 0 and sharing a common scheduling horizon H . The
horizon H corresponds to the application frame or, for tasks
with different periods, the hyper-period obtained by taking the
least common multiple of the individual task periods.

Task dependencies are modeled by a DAG Gt(Vt, Et), where
vertices Vt represent tasks, and edges Et represent precedence
and data dependencies. Each task τi is defined by the tuple
{Ci, Di, pij , sij}, where Ci is its Worst-Case Execution Cycles
(WCEC), Di is the relative deadline, and pij denotes the (i, j)th

element in the task dependency matrix p = [pij ]M×M . If τi is
a predecessor of τj , then pij = 1; otherwise, pij = 0. For each
dependency pij = 1, upon completion of τi, a data payload of
size sij is generated for τj , as illustrated in Fig. 1.

2) NoC Processor Model: We consider a heterogeneous
multi-core platform comprising N DVFS-enabled processors
{θ1, . . . , θN}. Each processor θk supports a discrete set of
lk V/F levels: {(vkl1 , fkl1), (vkl2 , fkl2), . . . , (vklk , fklk)}. The
power consumption at V/F level l (0 ≤ l ≤ lk) is given by:

Pkl = P sta
kl + P dyn

kl , (1)

where P sta
kl = Lg(vklK1e

K2vkleK3vb + |vb|Ib) is the static
power, and P dyn

kl = Ceffv
2
klfkl is the dynamic power [16].

Here, Lg denotes the number of logic gates; K1, K2, and
K3 are processor-dependent constants; vb is a constant reverse
bias voltage for leakage suppression; and Ib is the junction
leakage current. The dynamic power depends on the clock
frequency fkl and supply voltage vkl, as well as the effective
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Fig. 2. 3× 3 2D grid NoC topology.

switching capacitance Ceff. The voltage-frequency relationship
is approximately linear [8].

If task τi is assigned to processor θk and executed at level
(vkl, fkl), its computation time and energy consumption are
computed as:

tcomp
ikl =

Ci

fkl
, ecomp

ikl = Pkl × tcomp
ikl .

Thus, DVFS enables dynamic control of both computation time
and energy per task instance.

3) NoC Topology Model: We consider a 2D grid-based NoC
topology, commonly used in multi-core platforms due to its
scalability and compatibility [25]. The topology is represented
as a directed graph Gn(Vn, En), where Vn and En denote
the set of processors and communication links (via routers),
respectively. The NoC has dimensions nR ×nC , with nR rows
and nC columns, as shown in Fig. 2.

Each processor is paired with a router (R), and each router
has five ports: one connected to its local processor (P) and four
connected to neighboring routers. Every port is equipped with
two directional full-duplex links [20]. Thus, the total number of
components is 2nRnC , and each global link (between routers)
has a fixed bit width bw. The energy consumed by local links
(between processor and router) is negligible compared to global
links and is therefore ignored [26].

We assume fixed operating frequencies for routers and links
to avoid additional complexity in task mapping. Bandwidth
allocation follows a winner-take-all scheme [20], meaning a link
exclusively transmits one packet at a time. If two transmissions
contend for the same link, they are serialized.

Let fx be the operating frequency of a link; then, the band-
width is Bw = bwfx. Assuming that serialization dominates
router delay [27], the transmission time for data of size sij
from processor θβ to θγ is:

tβγ =
sij
Bw

=
sij
bwfx

. (2)

The energy required to transmit one bit of data between θβ and
θγ is modeled as [27], [28]:

ebitβγ = (dβγ + 1)ebitR + dβγe
bit
L , (3)

where dβγ = |xβ − xγ | + |yβ − yγ | is the Manhattan distance
between processors in the 2D grid, and ebitR and ebitL are the
energy consumed per bit by routers and links, respectively [26].

Fig. 3. Multipath data routing.

For instance, as shown in Fig. 2, transmitting data from θ1 to
θ5 (with d = 2) involves three routers and two links.

Let Px denote the power consumption of a link at frequency
fx. The total communication energy to transmit sij bits over a
path from θβ to θγ is:

eβγ = sij · ebitβγ = sij

[
(dβγ + 1)ebitR +

dβγPx

bwfx

]
. (4)

This work adopts multi-path data routing, allowing processor
pairs to communicate via multiple paths. We consider both time-
optimal and energy-optimal paths (see Fig. 3), acknowledging
that they may differ. Using eβγ and tβγ , we define a weight wβγ

indicating either the communication energy or delay between θβ
and θγ . Given a source-destination pair, the shortest path can
be computed using methods such as the Dijkstra algorithm.

To capture processor-level energy impacts during communi-
cation, we define eβγk as the energy consumed by processor θk
when relaying data from θβ to θγ . Depending on θk’s role, we
consider three cases:
• Relay node: consumes both receive and transmit energy,
• Entry node: transmits only,
• Exit node: receives only.

We introduce an energy matrix e = [eβγkρ]N×N×N×P and
a time matrix t = [tβγρ]N×N×P , where eβγkρ is the energy
consumed by θk on the ρ-th path from θβ to θγ , and tβγρ is the
corresponding transmission time. If two tasks are assigned to
the same processor, the communication cost is considered zero.

4) Task Relibility Model: We adopt a transient fault
model [29], [30], assuming independent failures that follow
a Poisson distribution. The reliability over time t is given by
e−λt, where λ is the constant failure rate. Let λkl represent the
failure rate of processor θk operating at V/F level (vkl, fkl). It
is modeled as:

λkl = λk,max × 10
d(fk,max−fkl)

fk,max−fk,min , (5)

where d is a sensitivity parameter, and fk,max and fk,min are the
maximum and minimum frequencies of θk, respectively. λk,max

is the failure rate at the maximum frequency.
If task τi is executed on processor θk at V/F level (vkl, fkl),

its reliability is:
rikl = e

−λkl×
Ci
fkl . (6)

Substituting (5) into (6) yields:

rikl = e
−λk,max×10

d(fk,max−fkl)

fk,max−fk,min · Ci
fkl . (7)
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(a) Full duplication case. (b) Partial duplication case 1.

(c) Partial duplication case 2. (d) Partial duplication case 3.

Fig. 4. The example of task duplication.

This equation reveals that increasing frequency improves relia-
bility. Let xik be a binary variable indicating whether task τi is
assigned to processor θk, and yikl indicate whether it uses V/F
level l. Then the reliability of task τi is:

ri =
∑
k∈N

xik

∑
l∈Lk

yiklrikl.

If ri is below the reliability threshold Rth, we improve it
either by increasing the V/F level via DVFS or duplicating the
task. Let τi and τi+M be the original and duplicated tasks. The
duplicated task has the same properties as the original (Ci =
Ci+M ). The combined reliability becomes:

r′i = 1− (1− ri) (1− ri+M ) .

For instance, with ri = 0.9, duplication improves reliability
to 0.99. However, full duplication increases task count and
significantly raises communication overhead in NoC systems.
Therefore, we adopt partial task duplication: only tasks that do
not meet their reliability constraints are duplicated.

To model duplication decisions, we introduce a binary vari-
able hi where hi = 1 if task τi exists. Then, the reliability with
duplication is:

r′i = 1− (1− hiri) (1− hi+Mri+M ) .

This allows independent control of task assignment, frequency
scaling, and duplication while considering heterogeneous pro-
cessors, energy, and reliability jointly.

B. Problem Formulation

Given a heterogeneous multi-core NoC platform with a 2D
grid architecture and a set of dependent tasks modeled as a
DAG, the objective is to develop an energy-efficient task map-
ping scheme that jointly optimizes DVFS, task allocation (with
optional duplication), and multi-path routing, while satisfying
real-time and reliability constraints. In addition to the binary
variables xik (task-to-processor assignment), yikl (frequency
selection), and hi (task existence), we introduce:

TABLE I
SYMBOLS USED IN THE PROBLEM FORMULATION

Parameters

T task set
Θ processor set
M number of tasks in T
N number of processors in Θ
P number of data routing paths
lk number of θk’s V/F levels
L max number of processors’ V/F level
τi the ith task in T
θk the kth processor in Θ
(vkl, fkl) the lth V/F level on θk
H scheduling horizon
Ci WCEC of τi
Di relative deadline of τi

pij =

{
1 if τi is the predecessor of τj
0 otherwise

sij data size from τi to τj if pij = 1

Binary Variables

xik =

{
1 if τi is assigned to θk
0 otherwise

yikl =

{
1 if τi is executed on θk with (vkl, fkl)

0 otherwise

uij =

{
1 if τi proceeds τj
0 otherwise

cβγρ =

{
1 if data is routed from θβ to θγ via ρth path
0 otherwise

hi =

{
1 if τi exists
0 otherwise

Continuous Variables

tsi start time of τi

• Path selection: cβγρ = 1 if task data is routed from processor
θβ to θγ via the ρ-th path; otherwise cβγρ = 0.

• Task precedence: uij = 1 if τi executes before τj ; otherwise
uij = 0.

• Task start time: tsi ∈ [0, H], representing the start time of task
τi.
The main variables used in this formulation are summarized

in Table I. To simplify, we define: N = {1, . . . , N}, M =
{1, . . . ,M}, M′ = {1, . . . , 2M}, Lk = {1, . . . , lk}, and P =
{1, 2}, where 2M accounts for both original and duplicated
tasks. The constraints and objective function are described as
follows:

1) Task Allocation Constraints: Each task (original or dupli-
cated) must be assigned to exactly one processor, disallowing
migration: ∑

k∈N

xik = 1, ∀i ∈ M′. (8)

2) Path Selection Constraints: For each pair of dependent
tasks assigned to different processors, one valid path must be
selected for data transmission:∑

ρ∈P
cβγρ = 1, ∀β ̸= γ ∈ N . (9)
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3) Frequency Selection Constraints: DVFS is applied at the
task level. Each task executes under a single V/F level:∑

l∈Lk

yikl = 1, ∀i ∈ M′. (10)

4) Task Reliability Constraints: Let τi and τi+M denote the
original and duplicated versions of a task. A duplication is
created only if the original’s reliability ri is below the required
threshold Rth. This logic is expressed using a binary duplication
indicator hi+M , and non-linear comparisons are linearized using
the lemma below.

Lemma 3.1: Assume b ∈ {0, 1} and x ∈ [0, s]. The logic:
x ≥ s1 ⇒ b = 0; x < s1 ⇒ b = 1 can be linearized as:

x− (s1 − σ)

s
≤ 1− b ≤ x

s1
,

where s1 ≤ 1 is a constant and σ is a small positive scalar.
Proof: Let b1 = x−(s1−σ)

s and b2 = x
s1

. If x ≥ s1, then
b2 ≥ 1 and 0 < b1 < 1, implying b = 0. If x < s1, then b1 < 0
and b2 < 1, implying b = 1.

Applying Lemma 3.1 with x = ri, b = hi+M , and σ =
min∀i,k,l{|rikl −Rth|}, the relation is linearized as:

ri − (Rth − σ)

max∀i,k,l{rikl}
≤ 1− hi+M ≤ ri

Rth
, ∀i ∈ M. (11)

The overall reliability for τi with duplication is given by r′i =
1− (1− hiri)(1− hi+Mri+M ), and the constraint becomes:

r′i ≥ Rth, ∀i ∈ M. (12)

5) Task Dependency Constraints: Tasks cannot start ex-
ecution until all required data from predecessors has been
received. For a dependent pair (τj → τi) where pji = 1, the
communication delay to receive data at τi is given by:

tcomm
i =

∑
j∈M′

∑
β∈N

∑
γ∈N

∑
ρ∈P

pjihihjxiβxjγcβγρtβγρ.

Let tsi and tei denote the start and end times of τi such that 0 ≤
tsi ≤ tei ≤ H . If executed on processor θk at V/F level (vkl, fkl),
the task’s computation time is tcomp

ikl = Ci/fkl. Considering task
allocation and frequency selection:

tcomp
i = hi

∑
k∈N

xik

∑
l∈Lk

yiklt
comp
ikl .

The execution order constraint for dependent pair τi, τj is:

tsj+(1− pij)H ≥ tsi+pijt
comp
i +tcomm

j , ∀i ̸= j ∈ M′. (13)

If pij = 1, the constraint simplifies to tsj ≥ tsi + tcomp
i + tcomm

j ,
ensuring τj starts only after τi completes and its data is received.

6) Task Non-preemption Constraints: When two independent
tasks τi and τj (pij = 0) are mapped to the same processor,
they must execute sequentially, as processors can handle only
one task at a time. The execution order is determined using the
binary variable uij :

tei ≤ tsj+(2−xik−xjk)H+(1−uij)H, ∀i ̸= j ∈ M′, ∀k ∈ N .
(14)

Constraint (14) becomes active only when xik = xjk = 1,
meaning both tasks are assigned to the same processor θk. If
uij = 1, indicating τi precedes τj , the constraint reduces to
tei ≤ tsj . In other cases, it is trivially satisfied.

7) Task Real-time Constraints: To satisfy timing constraints,
each task must complete its execution within its deadline and
the scheduling horizon H:

tcomp
i ≤ Di, ∀i ∈ M′, (15)

tei ≤ H, ∀i ∈ M′. (16)

8) Objective Function: The total energy consumption per
processor includes both communication and computation com-
ponents. For communication, if tasks τi and τj are mapped to
processors θβ and θγ respectively, and path ρ is selected for
transmitting sij bits of data, and θk is used as a relay, the
communication energy on θk is:

ecomm
ijβγρk = pijsijxiβxjγcβγρeβγρk.

Taking task existence (hi, hj) into account, the total com-
munication energy for processor θk becomes:

Ecomm
k =

∑
i∈M′

∑
j∈M′

∑
β∈N

∑
γ∈N

∑
ρ∈P

hihje
comm
ijβγρk.

For computation, if τi is assigned to θk and executed at
(vkl, fkl), the energy consumption is:

ecomp
ikl =

Ci

fkl
Pkl.

Thus, the total computation energy for processor θk is:

Ecomp
k =

∑
i∈M′

hixik

∑
l∈Lk

yikle
comp
ikl .

To avoid thermal hotspots and uneven power distribution, the
peak energy consumption is minimized across all processors:

P1 : Φ = min
x,y,u,c,h,ts

(
max
∀k

{Ecomm
k + Ecomp

k }
)

(17)

s.t.


(8) − (16),
xik, yikl, uij , cβγρ, hi ∈ {0, 1}, 0 ≤ tsi ≤ H,

∀i, j ∈ M′, ∀k, β, γ ∈ N , ∀l ∈ Lk, ∀ρ ∈ P.

9) Linearization: Due to the presence of nonlinear terms
involving binary variable products (e.g., hixikyikl), P1 is a
Mixed-Integer Nonlinear Program (MINLP) problem, which is
computationally intractable for large systems. To linearize, we
apply the following lemma:

Lemma 3.2: Let x, y, z ∈ {0, 1}. The equality z = xy can be
represented by:

z − x ≤ 0, z − y ≤ 0, x+ y − z ≤ 1.

Proof: The constraints ensure z = 1 only if x = y = 1,
and z = 0 otherwise.

Using this lemma, we introduce auxiliary variables to replace
nonlinear terms:
(1) aikl = xikyikl

aikl + xik ≤ 0, aikl + yikl ≤ 0, xik + yikl − aikl ≤ 1,

∀i ∈ M′, ∀k ∈ N , ∀l ∈ Lk. (18)

(2) wikl = hiaikl

wikl + hi ≤ 0, wikl + aikl ≤ 0, hi + aikl − wikl ≤ 1,



6

Algorithm 1: Task Hierarchy
Input: Gt(Vt, Et), and Ci

Output: task execution sequence Q
1 Initialize: Li = −1;
2 for ∀i ∈ M do
3 Calculate in-degree DIn

i and out-degree DOut
i ;

4 Set task with DOut
i = 0 on the first layer Li = 1;

5 for ∀i ∈ M do
6 for ∀j ∈ prec(τi) do
7 Li = max{Lj}+ 1;

8 Tasks are sorted in ascending order according to Li (∀i ∈ M);
9 Tasks in the same layer are sorted in ascending order

according to Ci (∀i ∈ M);

∀i ∈ M′, ∀k ∈ N , ∀l ∈ Lk. (19)

(3) giβjγ = xiβxjγ

giβjγ+xiβ ≤ 0, giβjγ+xjγ ≤ 0, xiβ+xjγ−giβjγ ≤ 1,

∀i ̸= j ∈ M′, ∀β ̸= γ ∈ N . (20)

(4) siβjγρ = giβjγcρ

siβjγρ+giβjγ ≤ 0, siβjγρ+cρ ≤ 0, cρ+giβjγ−siβjγρ ≤ 1,

∀i ̸= j ∈ M′, ∀β ̸= γ ∈ N , ∀ρ ∈ P. (21)

(5) dij = hihj

dij+hi ≤ 0, dij+hj ≤ 0, hi+hj−dij ≤ 1, ∀i ̸= j ∈ M′.
(22)

(6) eiβjγρ = siβjγρdij

eiβjγρ + dij ≤ 0,

eiβjγρ + siβjγρ ≤ 0,

dij + siβjγρ − eiβjγρ ≤ 1,

∀i ̸= j ∈ M′, ∀β ̸= γ ∈ N , ∀ρ ∈ P. (23)

With these auxiliary variables and constraints, Problem P1 is
transformed into an MILP:

P2 : min
x,y,u,c,h,ts,
a,w,g,s,d,e

(
max
∀k

{Ecomm
k + Ecomp

k }
)

(24)

s.t.


(8) − (16), (18) − (23),
xik, yikl, uij , cβγρ, hi, aikl, wikl, giβjγ , siβjγρ,

dij , eiβjγρ ∈ {0, 1}, 0 ≤ tsi ≤ H,

∀i, j ∈ M′, ∀k, β, γ ∈ N , ∀l ∈ Lk, ∀ρ ∈ P.

Since the linearization preserves the feasible region, Problems
P1 and P2 are equivalent. The MILP formulation P2 can be
optimally solved using commercial solvers such as Gurobi™ or
IBM® ILOG® CPLEX® [16].

IV. HEURISTIC ALGORITHM

Although the MILP-based formulation P2 can be solved op-
timally using commercial solvers, its computational complexity
grows rapidly with the number of tasks M and processors N .
To enhance scalability and practical applicability, we design a
novel heuristic method. Leveraging the problem structure, we

Algorithm 2: Task Allocation and Scheduling
Input: (vkl, fkl), Ci, and H;
Output: xik;

1 Initialize: O[i] = −1;
2 for ∀i ∈ M do
3 Etotal

min,max=∞;
4 for ∀k ∈ N do
5 Calculate tcomm

i and tcomp
i ;

6 tMax = max∀i{tei};
7 if tMax > H then
8 Continue;

9 else
10 Calculate Ecomm

k and Ecomp
k ;

11 Etotal
i,max = max∀k{Ecomm

k + Ecomp
k };

12 if Etotal
i,max < Etotal

min,max then
13 Etotal

min,max = Etotal
i,max;

14 O[i] = k;

15 else
16 Continue;

17 Calculate xik through O[i] = k;
18 Calculate uij and tsi through xik, tcomm

i , and tcomp
i ;

decompose P2 into three sequential subproblems: a) task alloca-
tion and scheduling, b frequency selection and task duplication,
and c) multi-path data routing. Each subproblem contains fewer
decision variables and constraints, which significantly reduces
computational overhead.

Given the heterogeneity of the multi-core platform and task
dependency characteristics, we address task allocation and
scheduling first. As shown in (11), frequency selection and
task duplication are interdependent and are therefore optimized
jointly in the second stage. Finally, we perform routing to
optimize system-level energy use.

A. Task Allocation and Scheduling

In this stage, we determine task allocation xik, execution
order uij , and start time tsi . The subproblem is formulated as:

P3 : min
x,u,ts

(
max
∀k

{Ecomm
k + Ecomp

k }
)

(25)

s.t. (8), (13), (14), (16),

where Ecomm
k and Ecomp

k represent the communication and
computation energy on processor θk. Specifically,
• Ecomm

k =
∑

i∈M
∑

j∈M
∑

β∈N
∑

γ∈N xiβxjγcβγkρeβγkρ,
• Ecomp

k =
∑

i∈M xikE
comp
ik .

Since frequency selection (yikl) and task duplication (hi) are
not yet available in this step, we approximate computation time
and energy using averages:

• t̄comp
ik =

(∑
l∈Lk

Ci

fkl

)
/lk,

• Ēcomp
ik =

(∑
l∈Lk

Ci

fkl
Pkl

)
/lk.

Similarly, path selection (cβγρ) is not yet determined. Thus,
we use the average communication time and energy:
• t̄comm

i =
∑

j∈M
∑

β∈N
∑

γ∈N xiβxjγtβγρ/(M × P ),
• Ēcomm

k =
∑

i∈M
∑

j∈M
∑

β∈N
∑

γ∈N xiβxjγeβγkρ/P .
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Once the actual frequency and routing decisions are made
(via Algorithm 3 and Algorithm 4), these values are updated
accordingly.

1) Task Hierarchy Construction: To satisfy the task depen-
dency (13) and non-preemption (14) constraints, we introduce
a task layering strategy (Algorithm 1). Tasks are grouped into
layers such that those within a layer are independent, while
inter-layer dependencies represent precedence relationships.
(1) For each task τi, compute its in-degree DIn

i =
∑M

j=1 pji

and out-degree DOut
i =

∑M
j=1 pij . Entry tasks satisfy

DIn
i = 0, while exit tasks satisfy DOut

i = 0.
(2) Assign layer indices Li recursively as Li =

max∀pji=1{Lj} + 1. For instance, in Fig. 1, L1 = 1,
L2 = L4 = 2, and L3 = 3, etc.

(3) Generate a task sequence Q by sorting tasks by Li (ascend-
ing), and then by Ci (ascending) for tasks within the same
layer. For example, Q = {τ1, τ4, τ2, τ3, τ5, τ6}.

2) Greedy Allocation Strategy: We apply a greedy algorithm
(Algorithm 2) to assign tasks while balancing processor energy:
(1) Initialize task allocation indicators O[i] = −1 for all τi.

[Line 1]
(2) For each task τi ∈ Q, try assigning to each processor θk:

• Compute tcomp
i = xik t̄

comp
ik , and set tcomm

i = t̄comm
i

• Derive end time tei = tsi + tcomp
i + tcomm

i .
• If tei > H , discard the configuration and test the next

processor. [Lines 7–8]
(3) If feasible, compute:

Ecomp
k =

∑
i∈M

xikĒ
comp
ik , Ecomm

k = Ēcomm
k ,

then calculate Etotal
k = Ecomp

k + Ecomm
k across all N

processors, and store the maximum value Etotal
i,max for the

current task τi. [Lines 10–12]
(4) After evaluating all processors for each task, identify the

assignment that minimizes Etotal
i,max, and set O[i] = d

accordingly. [Lines 13–14]
This completes the task allocation and scheduling stage. Once

xik, uij , and tsi are fixed, we proceed to optimize frequency
selection and task duplication in the next step.

B. Frequency Selection and Task Duplication

Once the task allocation xik and execution order uij have
been determined, a preliminary scheduling scheme is estab-
lished. In this step, we optimize the frequency assignment
yikl and task duplication decision hi, both of which affect
the reliability constraint (12) and deadline constraint (15). The
variable yikl is subject to the frequency selection constraint (10),
while hi depends on yikl via the reliability expression in (11).

Since the overall objective of problem (17) is to balance
computation and communication energy, this step aims to min-
imize the total computation energy Ecomp

i + Ecomp
i+M under the

constraints (10), (11), (12), and (15). Thus, the subproblem is
defined as:

P4 : min
y,h

(
Ecomp

i + Ecomp
i+M

)
(26)

s.t. (10), (11), (12), (15).

The coupling between binary variables yikl and hi renders
P4 an INLP problem. To simplify, we sequentially determine
yikl and hi, as hi is a function of yikl through task relia-
bility. Specifically, for a given original task τi (with known
processor assignment θk), we explore the available V/F levels
{(vk1, fk1), . . . , (vklk , fklk)} to minimize computation energy
while satisfying real-time and reliability constraints.

We propose a greedy heuristic method to jointly decide yikl
and hi (Algorithm 3). We define S[i] as the selected V/F index
for task τi, initialized to −1. [Line 1] The algorithm iterates as
follows:
(1) For each V/F level (vkl, fkl) on processor θk, we compute

the execution time Ci

fkl
for task τi. If this violates the relative

deadline Di, i.e., Ci

fkl
> Di, the level is discarded (S[i] = l,

yikl = 0). [Lines 5–6]
(2) All higher V/F levels (fkl′ > fkl) also satisfy the deadline

constraint, since they result in smaller execution times.
(3) For each feasible V/F level (vkl, fkl), we compute task

reliability:
ri =

∑
k∈N

∑
l∈Lk

xikyiklrikl.

If ri ≥ Rth, no duplication is required (hi+M = 0), and
the computation energy is [Lines 9–11]

Ecomp
i =

Ci

fkl
Pkl.

(4) If ri < Rth, duplication is triggered (hi+M = 1). The
duplicated task τi+M must also satisfy both reliability and
time constraints:

1− (1− ri) (1− ri+M ) ≥ Rth,
Ci

fkl′
≤ Di.

We compute the minimum feasible fkl′ for τi+M and its
energy Ci

fkl′
Pkl′ . [Lines 18–11]

(5) This process is repeated for all valid V/F pairs. For each
configuration, we compute:

Ecomp
i + Ecomp

i+M =
Ci

fkl
Pkl +

Ci

fkl′
Pkl′ .

We record the configuration with minimum total energy. If
no duplication is needed, Ecomp

i+M = 0. [Lines 25–27]
(6) Finally, we update S[i] = l for τi and S[i + M ] = l′ for

τi+M (if applicable). From these, we derive yikl and hi for
all 1 ≤ i ≤ 2M .

C. Multi-Path Selection

With task allocation xik, execution sequence uij , frequency
assignment yikl, and duplication decisions hi determined, the
total number of tasks (original and duplicated) and their com-
putation energy and timing are known. As the real-time con-
straint (15) is already satisfied, and path selection cβγρ does
not influence computation time, this step focuses on balancing
processor energy loads through efficient path selection.

The path selection problem is defined as:

P5 : min
c,ts

(
max
∀k

{Ecomm
k + Ecomp

k }
)

(27)

s.t. (9), (13), (14), (16).
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Algorithm 3: Frequency Selection and Task Duplication
Input: (vkl, fkl), Ci, Di, xik, uij , H , and Rth

Output: yikl, and hi

1 Initialize S[i] = −1;
2 for ∀i ∈ M do
3 Ecomp

min = ∞ ;
4 for ∀l ∈ LO[i] do
5 if Ci

fkl
> Di then

6 Continue;

7 else
8 ri =

∑
k∈N

∑
l∈Lk

xikyiklrikl ;
9 if ri > Rth then

10 hi+M = 0 ;
11 Ecomp

i = Ci
fO[i]l

PO[i]l;
12 if Ecomp

i < Ecomp
min then

13 Ecomp
min = Ecomp

i ;
14 S[i] = l;

15 else
16 Continue;

17 else
18 hi+M = 1 ;
19 Allocate task τi+M through Algorithm 2;
20 if τi+M is allocated to θk′ then
21 Calculate ri+M according to

1− (1− ri)(1− ri+M ) ≥ Rth ;
22 Calculate minimum frequency y(i+M)k′l′

according to ri+M =∑
k∈N

∑
l∈Lk

y(i+M)k′l′r(i+M)k′l′ and
tcomp
i ≤ Di ;

23 Ecomp
i =
Ci

fO[i]l
PO[i]l +

Ci+M

fO[i+M]l′
PO[i+M ]l′ ;

24 if Ecomp
i < Ecomp

min then
25 Ecomp

min = Ecomp
i ;

26 S[i] = l;
27 S[i+M ] = l′;

28 else
29 Continue;

30 else
31 Continue;

32 Calculate yikl according to O[i] and S[i];

To solve P5, we propose a greedy heuristic that jointly
considers path selection cβγρ and task start time tsi . Algorithm 4
outlines the implementation. We introduce helper indices:

• Q[β][γ]: selected path ρ for communication from θβ to θγ ,
• ST [i]: task start time tsi for task τi.

All indices are initialized to −1. [Line 1].
(1) Based on the NoC topology, we iterate over each processor

pair (θβ , θγ) to select communication paths. For identical
processors (β = γ), no communication is required.

(2) For each task τi, let pre(τi) denote its set of predecessor
tasks. Since task allocations are known, we evaluate each
predecessor τj ∈ pre(τi) mapped to θβ , while τi is mapped
to θγ . For each path ρ, we compute [Lines 5–6]

tcomm
jiρ =

∑
β∈N

∑
γ∈N

pjixjβxiγcβγρtβγρ,

Algorithm 4: Multi-Path Selection
Input: yikl, hi, xik, uij , and tsi
Output: cβγρ, and tsi

1 Initialize Q[β][γ] = −1, and ST [i] = −1;
2 for ∀(β, γ) ∈ N ×N do
3 Etotal

minmax = ∞ ;
4 for ∀ρ ∈ P do
5 for ∀i ∈ Mh do
6 if O[i] = γ then
7 tsi = max∀τj∈pre(τi){t

e
j + tcomm

jiρ , tej′} while
O[j′] = γ ;

8 tei = tsi + tcomp
i ;

9 if tei > H then
10 Continue;

11 else
12 Calculate Ecomm

γ and Ecomp
γ ;

13 Etotal
i,max = max∀γ {Ecomm

γ + Ecomp
γ };

14 if Etotal
i,max < Etotal

minmax then
15 Etotal

minmax = Etotal
i,max;

16 Q[β][γ] = ρ;
17 ST [i] = tsi ;

18 else
19 Continue;

Ecomm
βγρ =

∑
i∈M′

∑
j∈M′

pjisjixjβxiγcβγρeβγγρ.

(3) Using tcomp
i (from Algorithm 3) and tcomm

jiρ , we compute
the task’s start time:

tsi = max

{
max

τj∈pre(τi)
(tej + tcomm

jiρ ), tej′

}
,

where τj′ is the task most recently executed on the same
processor as τi. The end time becomes tei = tsi + tcomp

i .
[Lines 7–8]

(4) If tei > H , the real-time constraint (16) is violated. The
current path ρ is then excluded (cβγρ = 0). [Lines 9–10]

(5) If tei ≤ H , we compute the total energy for each processor:

Ecomm
γ =

∑
ρ∈P

∑
β∈N

Ecomm
βγρ , Etotal

γ = Ecomp
γ + Ecomm

γ .

Comparing Etotal
k for all k, we store the maximum value

for this configuration as Etotal
i,max. [Line 13]

(6) Let Mh be the number of actual tasks (original and
duplicated), and set Mh = {1, . . . ,Mh}. Repeating this
process for each τi ∈ Mh, we obtain configurations
{Etotal

1,max, . . . , E
total
Mh,max}. We then select the configuration

minimizing the maximum energy [Line 15]

Etotal
min,max = min

∀i

{
Etotal

i,max

}
.

(7) Using this selection, we finalize Q[β][γ] = ρ and ST [i] =
tsi [Lines 16–17], from which we directly derive the deci-
sion variables cβγρ and tsi .

D. Complexity Analysis

The proposed heuristic framework decomposes the original
optimization problem P1 (17) into three subproblems: P3 (25),
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P4 (26), and P5 (27), which are sequentially solved through
Algorithm 1 to Algorithm 4. The complexity of each component
is analyzed as follows:
(1) Task Layer Classification (Algorithm 1): This step deter-

mines the task sequence Q based on dependency analysis
among the M original tasks. For each task τi, the in-
degree DIn

i and out-degree DOut
i are computed. A recursive

method is applied to assign task layers according to de-
pendency chains, where the recursion depth is at most M .
As the recursion tree has logarithmic complexity relative to
problem size [31], the overall complexity is:

O(M +M logM).

(2) Task Allocation and Scheduling (Algorithm 2): This
step addresses problem (25), involving decision variables
x = [xik]M×N and u = [uij ]M×M . Each task has at most
(M−1) predecessors, and there are N processors. The time
complexity is:

O(M2N).

(3) Frequency Assignment and Task Duplication (Algo-
rithm 3): Problem (26) involves frequency selection y =
[yikl]M×N×L and duplication flags h = [hi]M×1. For
each task τi, the algorithm evaluates all L V/F levels of
processor θk to determine tcomp

i , Ecomp
i , and ri, then checks

duplication need via threshold Rth. A similar process is
performed for the duplicated task τi+M . Given 2M tasks
and at most L V/F levels per processor, the complexity is:

O(ML).

(4) Path Selection (Algorithm 4): To solve problem (27), this
step determines the routing variables c = [cβγρ]N×N×P .
In the worst case, all Mh = 2M tasks require evaluation.
For N processors and P possible paths per pair, the total
complexity is:

O(MN2P ).

In summary, the proposed method decomposes P1 into sub-
problems with significantly fewer variables and constraints, im-
proving tractability. Given that the number of tasks is typically
much larger than the number of V/F levels or routing paths
(M ≫ L, M ≫ P ), the overall time complexity of the heuristic
can be expressed as:

O(M +M logM +M2N +ML+MN2P ),

which finally simplifies to:

O(M2N +MN2).

V. SIMULATION RESULTS AND ANALYSIS

We perform extensive experiments to evaluate the perfor-
mance of the proposed task mapping method. The simulations
are conducted on a server equipped with a 32-core CPU
and 64 GB of RAM. All algorithms are implemented in
MATLAB® R2021a, and the MILP formulations are solved
using Gurobi™ 9.5.1.

In our experimental setup, processor power parameters (e.g.,
vl, fl, and Pl) are adopted from [30]. For the NoC’s links and

(a) M = 9 (b) M = 14 (c) M = 15 (d) M = 16

Fig. 5. Task DAGs of LUD, GE, FFT, and LE applications.

(a) Energy consumption (b) Computation time

Fig. 6. Energy and runtime comparison between optimal and heuristic methods.

routers [30], the bit width is set to bw = 32, and the energy
consumption eRbit for transmitting one bit of data on a router
is set to 0.01 nJ . The parameters for dependent tasks (e.g., Ci

and sij) and reliability modeling (e.g., λ, d, and Rth) are taken
from [32], [33]. For each task τi, the number of execution cycles
Ci is randomly generated within the range [60, 100]×106 [34].

To improve task schedulability, we introduce a temporary
computation time tcomp

i,temp for task τi, and set its relative deadline
as Di = α× tcomp

i,temp, where tcomp
i,temp = (tcomp

i,min + tcomp
i,max)/2, and α

is a tunable parameter. The values tcomp
i,min = min∀k,l{Ci/fkl}

and tcomp
i,max = max∀k,l{Ci/fkl} represent the minimum and

maximum possible execution times for τi, respectively.
Furthermore, the scheduling horizon is set to H =∑
∀i∈CPT (t

comm
i,temp +tcomp

i,temp), where CPT denotes the set of tasks
on the critical path. The temporary communication time for
each task τi is given by tcomm

i,temp = (tcomm
i,min + tcomm

i,max )/2, where
tcomm
i,min = min∀β,γ,ρ{tβγρ} and tcomm

i,max = max∀β,γ,ρ{tβγρ}.
Note that different platforms and applications result in different
parameter values for the task mapping problem (17). However,
the underlying problem structure remains consistent, ensuring
the applicability of the proposed methods across various sce-
narios.

For performance evaluation, we use actual applications [35]
such as LU Decomposition (LUD), Gaussian Elimination (GE),
Fast Fourier Transform (FFT), and Laplace Equation (LE),
which comprise M = 9, 14, 15, 16 real-time tasks, respectively.
Their task dependencies are depicted in Fig. 5.

Fig. 6 compares the solution quality and computation time
of the optimal (OPT) and proposed heuristic (HEU) methods
across different task sets. As the number of tasks M increases,
the computation time for both OPT and HEU grows due to the
increasing complexity of the problem. However, HEU achieves
a 99.9% reduction in computation time compared with OPT.
In most cases, HEU completes within 1 s, whereas OPT be-
comes computationally expensive. Although HEU experiences
an average performance loss of 38.6% relative to OPT, it
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(a) Maximum energy consumption (b) Total energy consumption

Fig. 7. Energy consumption with different objective functions: BE vs ME.

(a) With α parameter varying (b) With Rth parameter varying

Fig. 8. Energy comparison under different time and reliability parameters.

provides acceptable results in significantly shorter time, making
it suitable for complex applications.

Fig. 7 examines how the solutions to the task mapping
problem P2 vary under two different objective functions:
Balancing processor Energy (BE) and Minimizing processor
Energy (ME) [11]. The time parameter α in Di is varied
within [0.8, 1.6]. Smaller values of α correspond to tighter
time constraints in (15). BE minimizes max∀k{Etotal

k }, while
ME minimizes

∑
∀k(E

total
k ). Fig. 7(a) and Fig. 7(b) show

that although BE results in higher total energy consumption
than ME (12.8% on average), it achieves significantly lower
maximum energy per processor (42.1% lower on average). ME
tends to allocate tasks to the same processors to reduce com-
munication energy, while BE spreads tasks across processors to
avoid energy hotspots [10], although at the expense of greater
overall energy. Given that both computation and communication
significantly affect energy consumption in NoC systems, BE is
adopted as the objective in this paper.

In Fig. 8, we compare energy consumption under three
strategies: DVFS+TD (our proposed), DVFS-only [11], and
TD-only [22]. Fig. 8(a) and Fig. 8(b) show that DVFS+TD
achieves lower energy consumption than DVFS and TD alone,
with average improvements of 1.8% and 62%, respectively,
across varying α and Rth. While increasing V/F levels im-
proves reliability in DVFS, it also increases computation en-
ergy. Similarly, TD increases task count, leading to higher
computation and communication energy. By combining both
methods, DVFS+TD reduces task redundancy while preserving
reliability. Additionally, Fig. 8(b) illustrates that DVFS+TD
can find feasible solutions even when DVFS cannot. This is
because DVFS+TD introduces the additional binary variable
hi to control task duplication adaptively, increasing problem
flexibility and schedulability despite higher complexity.

Fig. 9(a) compares processor energy consumption under
single-path (SP) and multi-path (MP) routing. The SP variants

(a) Energy consumption (b) Computation time

Fig. 9. Energy and runtime comparison with single- and multi-path routing.

(a) Influence of energy ratio ζ on
task allocation.

(b) Influence of V/F interval η on
task duplication.

Fig. 10. Influence of NoC communication and computation parameters on task
allocation and duplication.

include SPE (energy-oriented) and SPT (time-oriented) [11].
Results show that MP outperforms SPT (7.5% energy reduc-
tion on average), while MP and SPE exhibit nearly identical
performance. Since SPT is a special case of MP with fixed cβγρ
values, MP allows broader path selection and a larger feasible
region, enhancing schedulability. Although the objective of P2

aligns with SPE, MP sometimes chooses time-oriented paths
when necessary to meet deadlines, making it more adaptable.
Fig. 9(b) shows that MP requires longer computation time
compared to SPE and SPT (54.2% and 56.5% increase on
average) due to the additional path selection variables.

Fig. 10(a) evaluates the impact of computation vs. com-
munication energy on task allocation. Two parameters are
introduced: ζ = log(ecomm

k /ecomp
k ), the NoC energy rate, and

ϵ = Mmax/Mtotal, the proportion of tasks allocated to the
most loaded processor. As ζ increases, communication energy
dominates, prompting dependent tasks to co-locate on the same
processor, thus increasing ϵ. When ζ is small, energy balancing
favors task dispersion across processors.

Fig. 10(b) examines how the interval between
V/F levels affects task duplication. A parameter
η = maxk,l{Pkl/fkl}/mink,l{Pkl/fkl} reflects the range
of V/F levels, while δ = Md/M represents the duplication
ratio. As η increases, δ decreases, since wider V/F intervals
allow tasks to run at high frequencies without needing
duplication. With small η, low V/F differences lead to higher
energy when duplicating tasks, favoring single-task execution
at high frequencies. These results highlight the critical role
of processor characteristics in shaping frequency selection
and duplication strategies. Our proposed DVFS+TD approach
effectively exploits these properties to improve both energy
efficiency and task reliability.
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VI. CONCLUSION

Energy optimization is critical for NoC-based multi-core
platforms, where computation and communication are tightly
coupled and can be jointly optimized through task mapping.
This paper presents an energy-efficient task mapping scheme
for heterogeneous NoC architectures, leveraging DVFS, task
duplication, and multi-path routing to minimize total energy
consumption under conflicting task reliability and real-time
constraints.

The proposed approach integrates task allocation, scheduling,
frequency selection, duplication, and routing into a unified
formulation. This complex combinatorial problem is modeled
as an MILP and can be solved optimally using commercial
solvers such as IBM® ILOG® CPLEX® or Gurobi™. To improve
scalability for large problem instances, we also develop a novel
heuristic based on problem decomposition and greedy strategies.

Extensive simulation results demonstrate the effectiveness
of the proposed method, achieving superior performance in
energy efficiency, task schedulability, and reliability compared
to existing techniques.

REFERENCES

[1] J. He et al., “A design methodology for energy-aware processing in
unmanned aerial vehicles,” ACM Trans. Des. Autom. Electron. Syst.,
vol. 27, no. 1, pp. 1–20, 2021.

[2] L. Mo, A. Kritikakou, and O. Sentieys, “Controllable QoS for imprecise
computation tasks on DVFS multicores with time and energy constraints,”
IEEE Journal on Emerging and Selected Topics in Circuits and Systems,
vol. 8, no. 4, pp. 708–721, 2018.

[3] A. Pathak and V. K. Prasanna, “Energy-efficient task mapping for data-
driven sensor network macroprogramming,” IEEE Transactions on Com-
puters, vol. 59, no. 7, pp. 955–968, 2009.

[4] T. Wei et al., “Cost-constrained QoS optimization for approximate com-
putation real-time tasks in heterogeneous MPSoCs,” IEEE Transactions
on Computer-Aided Design of Integrated Circuits and Systems, vol. 37,
no. 9, pp. 1733–1746, 2018.

[5] J.-J. Han et al., “Contention-aware energy management scheme for NoC-
based multicore real-time systems,” IEEE Transactions on Parallel and
Distributed Systems, vol. 26, no. 3, pp. 691–701, 2015.

[6] T. Bjerregaard and S. Mahadevan, “A survey of research and practices of
network-on-chip,” ACM Comput. Surv., vol. 38, no. 1, p. 1–51, 2006.

[7] L. Mo et al., “Energy efficient, real-time and reliable task deployment
on NoC-based multicores with DVFS,” in Design, Automation & Test in
Europe Conference & Exhibition, 2022, pp. 1347–1352.

[8] M. Cui et al., “Fault-tolerant mapping of real-time parallel applications
under multiple DVFS schemes,” in IEEE Real-Time and Embedded
Technology and Applications Symposium, 2021, pp. 387–399.

[9] S. S. Mukherjee et al., “The alpha 21364 network architecture,” IEEE
micro, vol. 22, no. 1, pp. 26–35, 2002.

[10] J. Zhou et al., “Thermal-aware task scheduling for energy minimization
in heterogeneous real-time MPSoC systems,” IEEE Transactions on
Computer-Aided Design of Integrated Circuits and Systems, vol. 35, no. 8,
pp. 1269–1282, 2016.

[11] N. Chatterjee, S. Paul, and S. Chattopadhyay, “Task mapping and schedul-
ing for network-on-chip based multi-core platform with transient faults,”
Journal of Systems Architecture, vol. 83, pp. 34–56, 2018.

[12] L. Zhang et al., “Bi-objective workflow scheduling of the energy consump-
tion and reliability in heterogeneous computing systems,” Information
Sciences, vol. 379, pp. 241–256, 2017.

[13] C. Gou et al., “Reliability-aware energy optimization for throughput-
constrained applications on MPSoC,” in IEEE International Conference
on Parallel and Distributed Systems, 2018, pp. 1–10.

[14] M. A. Haque, H. Aydin, and D. Zhu, “On reliability management of
energy-aware real-time systems through task replication,” IEEE Trans-
actions on Parallel and Distributed Systems, vol. 28, no. 3, pp. 813–825,
2017.

[15] L.-F. Leung, C.-Y. Tsui, and W.-H. Ki, “Simultaneous task allocation,
scheduling and voltage assignment for multiple-processors-core systems
using mixed integer nonlinear programming,” in IEEE International
Symposium on Circuits and Systems, 2003, pp. 1–5.

[16] G. Chen, K. Huang, and A. Knoll, “Energy optimization for real-time mul-
tiprocessor system-on-chip with optimal DVFS and DPM combination,”
ACM Transactions on Embedded Computing Systems, vol. 13, no. 3s, pp.
1–21, 2014.

[17] D. Li and J. Wu, “Minimizing energy consumption for frame-based
tasks on heterogeneous multiprocessor platforms,” IEEE Transactions on
Parallel and Distributed Systems, vol. 26, no. 3, pp. 810–823, 2014.

[18] G. Xie et al., “Energy-efficient fault-tolerant scheduling of reliable par-
allel applications on heterogeneous distributed embedded systems,” IEEE
Transactions on Sustainable Computing, vol. 3, no. 3, pp. 167–181, 2018.

[19] B. Zhao, H. Aydin, and D. Zhu, “On maximizing reliability of real-time
embedded applications under hard energy constraint,” IEEE Transactions
on Industrial Informatics, vol. 6, no. 3, pp. 316–328, 2010.

[20] D. Li and J. Wu, “Energy-efficient contention-aware application mapping
and scheduling on NoC-based MPSoCs,” Journal of Parallel and Dis-
tributed Computing, vol. 96, pp. 1–11, 2016.

[21] H. Ali et al., “Contention & energy-aware real-time task mapping on NoC
based heterogeneous MPSoCs,” IEEE Access, vol. 6, pp. 75 110–75 123,
2018.

[22] A. Namazi et al., “A majority-based reliability-aware task mapping in
high-performance homogenous NoC architectures,” ACM Transactions on
Embedded Computing Systems, vol. 17, no. 1, pp. 1–31, 2017.

[23] N. Chatterjee, S. Paul, and S. Chattopadhyay, “Fault-tolerant dynamic task
mapping and scheduling for network-on-chip-based multicore platform,”
ACM Transactions on Embedded Computing Systems, vol. 16, no. 4, pp.
1–24, 2017.

[24] Y. Zhou et al., “Reliability-aware scheduling and routing for messages in
time-sensitive networking,” ACM Transactions on Embedded Computing
Systems, vol. 20, no. 5, pp. 1–24, 2021.

[25] T. Bjerregaard and S. Mahadevan, “A survey of research and practices
of network-on-chip,” ACM Computing Surveys, vol. 38, no. 1, pp. 1–es,
2006.

[26] U. U. Tariq et al., “Energy-aware scheduling of streaming applications
on edge-devices in IoT-based healthcare,” IEEE Transactions on Green
Communications and Networking, vol. 5, no. 2, pp. 803–815, 2021.

[27] C. Marcon et al., “Exploring NoC mapping strategies: an energy and
timing aware technique,” in Design, Automation and Test in Europe.
IEEE, 2005, pp. 502–507.

[28] T. T. Ye, G. D. Micheli, and L. Benini, “Analysis of power consumption
on switch fabrics in network routers,” in Proceedings of Annual Design
Automation Conference, 2002, pp. 524–529.

[29] B. Zhao, H. Aydin, and D. Zhu, “On maximizing reliability of real-time
embedded applications under hard energy constraint,” IEEE Transactions
on Industrial Informatics, vol. 6, no. 3, pp. 316–328, 2010.

[30] D. Liu et al., “Energy-efficient mapping of real-time streaming ap-
plications on cluster heterogeneous MPSoCs,” in IEEE Symposium on
Embedded Systems for Real-Time Multimedia, 2015, pp. 1–10.

[31] A. Schönhage, “The fundamental theorem of algebra in terms of compu-
tational complexity,” Manuscript. Univ. of Tübingen, Germany, 1982.
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