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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

MBEDDED 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:

o 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



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 |lI| reviewing related work
on energy- and QoS-aware, and reliability-focused task mapping
in multi-core systems; Section [[II| presenting the system models
and formal problem formulation; Section introducing our
proposed heuristic algorithm; Discussing simulation results in
Section |V} and drawing conclusions in Section

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
DVES schemes. Although optimal, such solutions are com-
putationally expensive due to the problem’s A/P-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 7 = {71,...,7a}, 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 G;(V4, &), where
vertices V; represent tasks, and edges &; represent precedence
and data dependencies. Each task 7; is defined by the tuple
{Ci, D;, pij, si; }, where C; is its Worst-Case Execution Cycles
(WCEC), D; is the relative deadline, and p;; denotes the (4, )™
element in the task dependency matrix p = [p;;]arxar. If 75 is
a predecessor of 7;, then p;; = 1; otherwise, p;; = 0. For each
dependency p;; = 1, upon completion of 7;, a data payload of
size s;; is generated for 7;, as illustrated in Fig. [T}

2) NoC Processor Model: We consider a heterogeneous
multi-core platform comprising N DVFS-enabled processors
{61,...,0n}. Each processor 65 supports a discrete set of

I, VIE levels: {(vki,, fri,)s (Vkigs frin)s - - (Vkiys frr, )} The
power consumption at V/F level | (0 <1 <) is given by:

Py = P 4 PO, (1)

where P = Lg(vg Kqef2vrefsve 4 jy,|1,) is the static
power, and P;:ly“ = Cevi; frr is the dynamic power [16].
Here, L, denotes the number of logic gates; K;, K5, and
K3 are processor-dependent constants; v, is a constant reverse
bias voltage for leakage suppression; and I, is the junction
leakage current. The dynamic power depends on the clock
frequency fr; and supply voltage vg;, as well as the effective
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Fig. 2. 3 x 3 2D grid NoC topology.

switching capacitance Cet. The voltage-frequency relationship
is approximately linear [§]].

If task 7; is assigned to processor ) and executed at level
(vki, fri1), its computation time and energy consumption are
computed as:

Ci comp __ P % tcomp
= Lkl

comp __
t ikl

ikl T €ikl
Thus, DVFES 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 G,(V,,&,), where V, and &, denote
the set of processors and communication links (via routers),
respectively. The NoC has dimensions np X n¢, with ny rows
and n¢ columns, as shown in Fig. @

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 2ngnc, and each global link (between routers)
has a fixed bit width b,,. 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 f, be the operating frequency of a link; then, the band-
width is B,, = b, f,. Assuming that serialization dominates
router delay [27], the transmission time for data of size s;;
from processor 6 to 0 is:

_ Sy _ Sij
T By T bl @

The energy required to transmit one bit of data between 63 and
6., is modeled as [27], [28]:

effy = (dpy + D)e’ + dgsef”, 3)

where dg, = |rg — 24| + |ys — y| is the Manhattan distance
between processors in the 2D grid, and €%’ and €% are the

energy consumed per bit by routers and links, respectively [26].

Transmitting node

Energy-oriented path

Time-oriented path

—ﬁu—ﬁiﬁj—l/receiving node

Fig. 3. Multipath data routing.

For instance, as shown in Fig. [2] transmitting data from 6; to
05 (with d = 2) involves three routers and two links.

Let P, denote the power consumption of a link at frequency
f«. The total communication energy to transmit s;; bits over a
path from fg to 6, is:

. . dgP
ey = sij - ey = sij |(dgy + e’ + bmfr :
wJxT

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 eg. and 3, we define a weight wg.,
indicating either the communication energy or delay between 63
and ¢,. 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 eg-, as the energy consumed by processor 0,
when relaying data from 6g to 6. Depending on 6}’s role, we
consider three cases:

“4)

e Relay node: consumes both receive and transmit energy,
o Entry node: transmits only,
o Exit node: receives only.

We introduce an energy matrix € = [egyip| NxNxNxp and
a time matrix ¢t = [tgp]NxNx P, Where egyi, is the energy
consumed by 6}, on the p-th path from 63 to 6., and 3, 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 ¢ is given by
e~ where ) is the constant failure rate. Let \x; represent the
failure rate of processor 6 operating at V/F level (vgy, fri)- It
is modeled as:

A(fk,max — k1)
gl = )‘k,max X 10fk,mx*fk,mm’ 5)

where d is a sensitivity parameter, and fi, max and fx min are the
maximum and minimum frequencies of 8, respectively. A max
is the failure rate at the maximum frequency.
If task 7; is executed on processor 0 at V/F level (vii, fxi),
its reliability is: o
P =€ T (6)

Substituting (3)) into (6) yields:

A(fi , max —Frl) o
A %10 Tk.max =k min . Ci_
Tikl —e k,max L. (7)
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Fig. 4. The example of task duplication.

This equation reveals that increasing frequency improves relia-
bility. Let z;;, be a binary variable indicating whether task 7; is
assigned to processor 6, and y;;; indicate whether it uses V/F
level [. Then the reliability of task 7; is:

Ty = Z Tik Z YiklTikl-
keN leLy
If r; is below the reliability threshold Ry, we improve it
either by increasing the V/F level via DVFS or duplicating the
task. Let 7; and 7;4 5s be the original and duplicated tasks. The
duplicated task has the same properties as the original (C; =
Ci+nm). The combined reliability becomes:

ri=1—0—=r) 1 —rin).

For instance, with r; = 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 h; where h; = 1 if task 7; exists. Then, the reliability with
duplication is:

ri=1—(1—hir) (1 = hixprivn) -

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 x;; (task-to-processor assignment), y;x; (frequency
selection), and h; (task existence), we introduce:

TABLE I
SYMBOLS USED IN THE PROBLEM FORMULATION

Parameters

T task set

G} processor set

M number of tasks in 7~

N number of processors in ©

P number of data routing paths

Ui number of 0;’s V/F levels

L max number of processors’ V/F level
T the i*" task in T

O the k" processor in ©

(vkiy fer)  the 1*" V/F level on 0,
H scheduling horizon
C; WCEC of 7;
D; relative deadline of 7;
B _ ) 1 if 7 is the predecessor of 7;
Pij T ) 0 otherwise
Sij data size from 7; to 7; if p;; =1

Binary Variables

if 7 is assigned to O

Tik .
! otherwise
if 7; is executed on 65 with (vki, fii)

Yikl = .
otherwise

if 7; proceeds T;
otherwise

£
<.
I

if data is routed from 63 to 6., via p;, path
otherwise

—_ Ok, OFH OFR OR

if 7; exists
otherwise

o

Continuous Variables

t; start time of 7;

e Path selection: cg, = 1 if task data is routed from processor
03 to 6, via the p-th path; otherwise cg,, = 0.
e Task precedence: u;; = 1 if 7; executes before 7;; otherwise

U5 = 0.
o Tusk start time: t{ € [0, H], representing the start time of task
Ti-

The main variables used in this formulation are summarized
in Table [l To simplify, we define: N = {1,...,N}, M =
{1,...,. M}, M' ={1,...,2M}, L ={1,...,lx}, 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:

Z T =1 Vie M. (8)
keN

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

S gy =1, ¥B£EN. ©)

pEP



3) Frequency Selection Constraints: DVFES is applied at the
task level. Each task executes under a single V/F level:

Z Yl = 1, Vie M.
leLy,

4) Task Reliability Constraints: Let 7; and 7,4 s denote the
original and duplicated versions of a task. A duplication is
created only if the original’s reliability r; is below the required
threshold R;,. This logic is expressed using a binary duplication
indicator h;4 5z, and non-linear comparisons are linearized using
the lemma below.

Lemma 3.1: Assume b € {0,1} and x € [0, s]. The logic:
r>8 =b=0; x <s; =b=1 can be linearized as:

(10)

roime) gyt
S S1
where s; < 1 is a constant and o is a small posmve scalar.
Proof: Let by = “=81=9) and by = £ If & > sy, then
be > 1and 0 < b; < 1, implying b = 0. Ifx<51,thenb1 <0
and by < 1, implying b = 1. ]
Applying Lemma with z = r;, b = hyyp, and 0 =
minw7k7l{|rikl — Ryp|}, the relation is linearized as:

— (Ben — o)
maxv; k, l{rzlcl}

The overall reliability for 7; with duplication is given by 7} =
1—(1—=hyr;)(1 — hiygpmrivnr), and the constraint becomes:

> Ry, Vi € M. (12)

<1- h““M<R Vi e M. (11)

5) Task Dependency Constraints: Tasks cannot start ex-
ecution until all required data from predecessors has been
received. For a dependent pair (7; — 7;) where p;; = 1, the
communication delay to receive data at 7; is given by:

DD DD piihihyristiscssptonp.
JEM’ BEN vEN peP
Let ¢§ and t{ denote the start and end times of 7; such that 0 <
t§ < t¢ < H.If executed on processor 0y, at V/F level (vi, fri),
the task’s computation time is ¢;,,"" = C;/ fi;. Considering task
allocation and frequency selectlon

=h; Z Tik Z Yikiting "

keN leLy,
The execution order constraint for dependent pair 7;, 7; is:

+(1 = pij) H > t; 4+pit;™ +5°m", Vi# j e M. (13)

If pij = 1, the constraint simplifies to t5 > ¢7 + ;P 4 tgemm,
ensuring 7; starts only after 7; completes and its data is received.

6) Task Non-preemption Constraints: When two independent
tasks 7, and 7; (p;; = 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 u;;:

t,f < t;+(2fxik7mjk)H+(1*uij)H, Vi 7& ] € M’, Vk e N.

(14)
Constraint (T4) becomes active only when z;;, = Tje = 1,
meaning both tasks are assigned to the same processor 6. If
u;; = 1, indicating 7; precedes 7;, the constraint reduces to
ts < tj- . In other cases, it is trivially satisfied.

tqomm —

romp

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

P < Dy, Vie M,
t¢ < H, Vie M.

15)
(16)

8) Objective Function: The total energy consumption per
processor includes both communication and computation com-
ponents. For communication, if tasks 7; and 7; are mapped to
processors fg and 0., respectively, and path p is selected for
transmitting s;; bits of data, and 6 is used as a relay, the
communication energy on 6y, is:

comm

€ijBypk

= DijSij TipLjyCBvypCBypk-
Taking task existence (h;, h;) into account, the total com-

munication energy for processor f; becomes:

D DL D D D e

1EM! JEM' BEN YEN pEP

comm __
Ek? -

For computation, if 7; is assigned to 5 and executed at
(vki, fri), the energy consumption is:

C;
comp ? P,
=4I
i Tri
Thus, the total computation energy for processor 6y, is:

comp
E hﬂ?zkE YiklCiry -

ieM’ €Ly,

Ecomp

To avoid thermal hotspots and uneven power distribution, the
peak energy consumption is minimized across all processors:
<maX{EC°mm + E7™P })

P &= min

z,y,u,c,h,ts
@ - @7
8.t 8 Tik, Yikls Uijs Coypy i € {0,1}, 0 <t < H,
Vi,j € M, Vk,B,v € N, Vl € Ly, Vp e P.

a7

9) Linearization: Due to the presence of nonlinear terms
involving binary variable products (e.g., h;x;xyix1), P1 1s 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, z2—y<0, z4+y—2z<1.

Proof: The constraints ensure z = 1 only if z = y = 1,

and z = 0 otherwise. [ |

Using this lemma, we introduce auxiliary variables to replace
nonlinear terms:

(1) @ikt = TinYir

ikl + Tik <0, @it + Yirt <0, Tik + Ykt — ai < 1,
Vie M, Vke N, Vl€ L. (18)

(2) wikr = hiaim

Wikt +hi <0, Wi + appr <0, by + agp — wig <1,



Algorithm 1: Task Hierarchy

Algorithm 2: Task Allocation and Scheduling

Input: G;(Vy, &), and C;
Output: task execution sequence Q
1 Initialize: L; = —1;
2 for Vi € M do
3 L Calculate in-degree D™ and out-degree D,

Set task with DP** = 0 on the first layer L; = 1;
for Vi € M do
L for Vj € prec(r;) do

9 o n oA

| Li=max{L;}+1;

8 Tasks are sorted in ascending order according to L; (Vi € M);
9 Tasks in the same layer are sorted in ascending order
according to C; (Vi € M);

Vie M, Vke N, Vle L,. (19)
(3) gipjy = TipTjy

9ipjy+Tip <0, Gigjy+Tjy <0, Tig+xjy—gigjy < 1,
VitjeM VB#~veN. (20)

) sigjve = YiBjyCp

SiBjvpt9iBjy < 0, SigjyptCp <0, Cotgigiy—Sigjrp < 1,

Vidje M, V¥B#yEN, VpeP. (21)

(5) dij = hih;

dij+h; <0, dijj+h; <0, hy+hj—d;; <1, Vi *j€E M.

(22)
(6) €igjryp = Sijrpdij
€igjyp +dij <0,
€ifjyp t Sipjrp < 0,
dij + Sijye — €iBjvp < 1,
VitjeM , V3#£yeN, VpeP. (23)

With these auxiliary variables and constraints, Problem P; is
transformed into an MILP:
max { ELO™™ 4 promP
L (e B )
aw,g.ard,e

@ — (e, @8) — 23),

Tk, Yikl, Wigs CBryps Py Qikl, Wikls GiBjs SiBjyps
dij,eij S {0, 1}, 0< t‘; < I{7

Vi,j € M', Vk,B,v e N, Vl € Ly, VpeP.

P,: min 24)

S.t.

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

IV. HEURISTIC ALGORITHM

Although the MILP-based formulation P, 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

Input: (vii, fr), Ci, and H,;
Output: z;;

1 Initialize: O[i] = —1;

2 for Vi € M do

3 Efriﬁla,lmaxzoo;

4 for Vk € NV do

5 Calculate t5°™™ and t;°™7;

6 tMaz = maxv;{t{ };

7 if tMax > H then

8 | Continue;

9 else

10 Calculate EZ°™™ and E;°™7;
1 Bt = maxvi {EFo™™ 4+ B}
12 if Bl < Blotel . then
13 L Efr?itr?:lmax = Ezt,ontq(;lxy

14 Oli] = k;

15 else

16 L Continue;

17 Calculate x5 through O[i] = k;
18 Calculate u;; and ¢; through z;x, t5°™™, and t;°"?;

decompose P» 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 (TI), 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 x;;, execution
order u;;, and start time ¢7. The subproblem is formulated as:

P. - s Ecomm ECOWP
3 ¢ Join, (H@X{ P }>
st. @), (13), (4, (16),

where E{°™™ and E,°"" represent the communication and
computation energy on processor . Specifically,

(25)

o EPTTTN=0 e m Zje/\/l Zﬁe/\f Z’yGN LiBLjyCRykpEBykp>

Ecomp _ Z 2 comp
* Tk iem ik ik -

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

zcomp C;

o by = (Elegk E) [k

comp C;
o By = (Zleﬁk EPM) /-

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

o GO =3 e MO BeN Domen TipTirtayp/ (M X P),
comm __
. B = D ieM 2ujeM DoBEN DaneN TiBTir€avkp/ P-



Once the actual frequency and routing decisions are made
(via Algorithm [3] and Algorithm [)), these values are updated
accordingly.

1) Task Hierarchy Construction: To satisfy the task depen-
dency (T3) and non-preemption (I4) constraints, we introduce
a task layering strategy (Algorithm [I)). Tasks are grouped into
layers such that those within a layer are independent, while
inter-layer dependencies represent precedence relationships.
(1) For each task 7;, compute its in-degree D" = Zﬁl Dji

and out-degree DY = Zj\il p;ij. Entry tasks satisfy
DI" =0, while exit tasks satisfy DP* = 0.

(2) Assign layer indices L; recursively as L; =
maxy, ,—1{L;} + 1. For instance, in Fig. [l L; = 1,
Lg = L4 = 2, and L3 = 3, etc.

(3) Generate a task sequence Q by sorting tasks by L; (ascend-
ing), and then by C; (ascending) for tasks within the same
layer. For example, Q = {71, 74, T2, T3, T5, T6 }-

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] =

[Line [1]]

(2) For each task 7; € Q, try assigning to each processor 0:
o Compute ¢;°"" = x;,t;,""", and set t§o"™ = omm
« Derive end time t¢ = ¢ + ;""" 4 ¢5om™,

o If t¥ > H, discard the configuration and test the next
processor. [Lines [7H8]]

(3) If feasible, compute:

comp __ E . [comp comm __ fpcomm
Ek = xlkElk , Ek} = Ek 5
ieM

—1 for all 7;.

then calculate Ej°'e = E°™F + Efom™ across all N
processors, and store the maximum value E%% for the
current task 7;. [Lines [TOHI2]] '

(4) After evaluating all processors for each task, identify the
assignment that minimizes E[%%., and set Ofi] = d
accordingly. [Lines [T3HI4]

This completes the task allocation and scheduling stage. Once

Zik, U5, and ¢ 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 x;; and execution order u;; have
been determined, a preliminary scheduling scheme is estab-
lished. In this step, we optimize the frequency assignment
yix; and task duplication decision h;, both of which affect
the reliability constraint and deadline constraint (I5). The
variable y;x; is subject to the frequency selection constraint (T0),
while h; depends on y;x; via the reliability expression in @

Since the overall objective of problem is to balance
computation and communication energy, this step aims to min-

imize the total computation energy E;°"" + E;V"/7 under the

constraints (I0), (TII), (I2), and (I3). Thus, the subproblem is
defined as:
Py smin (B + E7LY) 26)

S.t. 7 a 7 '

The coupling between binary variables y;x; and h; renders
P, an INLP problem. To simplify, we sequentially determine
yik: and h;, as h; is a function of y;;; through task relia-
bility. Specifically, for a given original task 7; (with known
processor assignment ), we explore the available V/F levels
{(vk1, fr1)s- -+, (VkL,, fri, )} to minimize computation energy
while satisfying real-time and reliability constraints.

We propose a greedy heuristic method to jointly decide y;x;
and h; (Algorithm [3). We define S[i] as the selected V/F index
for task 7;, initialized to —1. [Line E[l The algorithm iterates as
follows:

(1) For each V/F level (vy, fri) on processor 6, we compute
the execution time ill for task 7;. If this violates the relative
deadline D;, i.e., Cf > D;, the level is discarded (S[i] = I,

L
yik: = 0). [Lines [gf-@]

(2) All higher V/F levels (frir > fri) also satisfy the deadline
constraint, since they result in smaller execution times.

(3) For each feasible V/F level (vy, fri), we compute task

reliability:
Ty = Z Z LikYiklTikl-
keN leLy,

If r; > Ry, no duplication is required (h;yp = 0), and
the computation energy is [Lines [JHIT]]

C.
EOMP = L Py,
’ i
4) If r; < Ry, duplication is triggered (h;rps = 1). The
duplicated task 7;45s must also satisfy both reliability and
time constraints:

Ci
1—(1=r) (1 =rigm) > R, < D;.
T

We compute the minimum feasible fi;r for 7,15, and its

energy ff;, Pyr. [Lines |
(5) This process is repeated for all valid V/F pairs. For each

configuration, we compute:

, C; C;

E"P 4 E{ONE = EPM + mpkl’-
We record the configuration with minimum total energy. If
no duplication is needed, Efjﬁlf = 0. [Lines |

(6) Finally, we update S[i] = [ for 7; and S[i + M| = I’ for
T;+nm (if applicable). From these, we derive y;x; and h; for
all 1 <4 <2M.

C. Multi-Path Selection

With task allocation x;, execution sequence u;;, frequency
assignment y;x;, and duplication decisions h; determined, the
total number of tasks (original and duplicated) and their com-
putation energy and timing are known. As the real-time con-
straint (I3)) is already satisfied, and path selection cg,, does
not influence computation time, this step focuses on balancing
processor energy loads through efficient path selection.

The path selection problem is defined as:

Ps :min (I%%X {Ep™™ + B }) 27

c,t

S.t. @D, 7 ? @



Algorithm 3: Frequency Selection and Task Duplication

Algorithm 4: Multi-Path Selection

Imput: (vii, fr1), Cs, Di, ik, uizj, H, and Rip
Output: Yikls and hi

1 Initialize S[i] = —1;
2 for Vi € M do
comp __ .
3 min =0 >
4 for Vi € Lop;) do
5 if £= > D, then
Kl ;
6 L Continue;
7 else
8 Ti = Zke/\f Zleﬁk TikYiklTikl 5
9 if 7, > R:x then
10 hivm =0
11 Ecomp (:C:i LPO[ ]l,
12 if 577 < Emmp then
com com
13 Emm P = E P,
14 Sl =1
15 else
16 | Continue;
17 else
18 h7,+zvj = 1
19 Allocate task Ti+m through Algorithm '
20 if 7.7 is allocated to 0 then
21 Calculate r;4 s according to
1-1—r))(1—riym) > Ren ;
22 Calculate minimum frequency y(;4 nryx/1/
according to 74 =
D oken Zleck Y(i-+ M)k T(i+ Mk and
tcomp i
23 Ecomp :
C; Citm .
Tol ]lPo[ n+ Toritan Politamrs
24 if Ewmp < EZ™P then
25 E;ﬁ?p E;°™P;
26 Sl =1,
27 S+ M) =1,
28 else
29 L Continue;
30 else
31 | Continue;
32 | Calculate y;x; according to O[i] and S[i];

To solve Ps;, we propose a greedy heuristic that jointly
considers path selection cg., and task start time 5. Algorithm [4]
outlines the implementation. We introduce helper indices:

o Q[B][7]: selected path p for communication from 63 to 6.,
o STVi]: task start time ¢$ for task 7.

All indices are initialized to —1. [Line [T]].

(1) Based on the NoC topology, we iterate over each processor
pair (63,6,) to select communication paths. For identical
processors (8 = ), no communication is required.

(2) For each task 7;, let pre(r;) denote its set of predecessor
tasks. Since task allocations are known, we evaluate each
predecessor 7; € pre(r;) mapped to 65, while 7; is mapped
to 6. For each path p, we compute [Lines [SH6]

tCO’an

jip Z Z PjiTiBTinChyptByps

BEN ~veN

Illpllt: Yikl, hi, Tiks Uij, and tf

Output: cg,,, and ¢}
1 Initialize Q[S][v] = —1, and ST[i] = —1;
2 for V(B,7) € N x N do

3 thtal = 00 -

4 for Vp € P do

5 for Vi € M" do

6 if O[i] =~ then

7 t = maxvT epre (e U5 + 555 ™, t5 } while
ofj'] =

8 te — ts + t(,omp .

9 if t7 > H then

10 | Continue;

11 else

12 Calculate ES°™™ and E5°™?;

n Bigiel, = maxy, {ES™™ + B,

14 if Etotel < Efr‘]’ﬁ?fnax then

15 Eto_tal — Etotu:l .

16 QIBIN] = ps

17 ST =15 ;

18 else

19 | Continue;

Ecomm

Byo T Z Z DjiSjilj5LinyCBypCLyyp-

ieM’ jeM’
(3) Using ¢;°™" (from Algorithm [3) and ¢52"*™, we compute
the task’s start time:

t? = max max (¢ +t59™™), tS
i {TJGPT‘E(Ti)( 7 Jip )ﬂ j }a

where 7/ is the task most recently executed on the same
processor as 7;. The end time becomes t§ = t§ + ¢;°"".
[Lines
(4) If t; > H, the real-time constraint is violated. The
current path p is then excluded (cs,, = 0). [Lines [9HI0]
(5) If t¢ < H, we compute the total energy for each processor:

B = 303 B

pEP BEN

total __ comp comm
Elotel — peomp 4 peomm,

Comparing Ef°*! for all k, we store the maximum value
for this configuration as E}%% . [Line

(6) Let M" be the number of actual tasks (original and
duplicated), and set M" = {1,..., M"}. Repeating this
process for each 7; € M", we obtain configurations
{Epmal .. Ef&’if”m .}~ We then select the configuration
minimizing the maximum energy [Line [15]

total total
Emm max ~ Il'lln {Ez max

(7) Using this selection, we finalize Q[3][y] = p and ST[i] =
t? [Lines [TI6HI7]], from which we directly derive the deci-
sion variables cg., and .

D. Complexity Analysis

The proposed heuristic framework decomposes the original
optimization problem P into three subproblems: P; (23),



P, 26), and Ps (27), which are sequentially solved through
Algorithm [T]to Algorithm[d The complexity of each component
is analyzed as follows:

(1) Task Layer Classification (Algorithm E[): This step deter-
mines the task sequence Q based on dependency analysis
among the M original tasks. For each task 7;, the in-
degree D!™ and out-degree DP"* 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 + Mlog M).

(2) Task Allocation and Scheduling (Algorithm : This
step addresses problem (23)), involving decision variables
x = [Ti|mxn and © = [u;j]arxas- Each task has at most
(M —1) predecessors, and there are N processors. The time
complexity is:
O(M?N).

(3) Frequency Assignment and Task Duplication (Algo-
rithm [3): Problem (26) involves frequency selection y =
[yirilarxnxr and duplication flags h = [h;]arx1. For
each task 7;, the algorithm evaluates all L V/F levels of
processor 0y to determine ¢;°"", E{°™", and r;, then checks
duplication need via threshold R;;. A similar process is
performed for the duplicated task 7,4 ;. Given 2M tasks
and at most L V/F levels per processor, the complexity is:

O(ML).

(4) Path Selection (Algorithm El]): To solve problem (27)), this
step determines the routing variables ¢ = [cgp]NxNx P-
In the worst case, all M" = 2M tasks require evaluation.
For N processors and P possible paths per pair, the total
complexity is:
O(MN?P).

In summary, the proposed method decomposes P; 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 + Mlog M + M*N + ML+ MN?P),
which finally simplifies to:
O(M?*N + MN?).

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.,
vy, fi1, and P;) 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.
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Fig. 6. Energy and runtime comparison between optimal and heuristic methods.

routers [30], the bit width is set to b, = 32, and the energy
consumption egp;; for transmitting one bit of data on a router
is set to 0.01 nJ. The parameters for dependent tasks (e.g., C;
and s;;) and reliability modeling (e.g., A, d, and R;) are taken
from [32], [33]. For each task 7;, the number of execution cycles
C; is randomly generated within the range [60, 100] x 105 [34].

To improve task schedulability, we introduce a temporary
computation time #7710 for task 7;, and set its relative deadline
as D; = a Xt e, Where {700 = (65570 + 7970 ) /2, and
is a tunable parameter. The values tff’mifl’ = minyg, {Ci/ frxi}
and ;97" = maxyy, {Ci/fr} represent the minimum and
maximum possible execution times for 7;, respectively.

Furthermore, the scheduling horizon is set to H =
Y vicorr (e 1t emp)» Where CPT denotes the set of tasks
on the critical path. The temporary communication time for
each task 7; is given by {0 = ((7" + t590 ) /2, where
tqomm J—

M comm J—
i,min manﬁmp{tﬁw} and Uimax = maXVBmp{tﬁw}-

Note that different platforms and applications result in different
parameter values for the task mapping problem (I7). 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. [3

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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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 P, vary under two different objective functions:
Balancing processor Energy (BE) and Minimizing processor
Energy (ME) [II]. The time parameter o in D; is varied
within [0.8,1.6]. Smaller values of « correspond to tighter
time constraints in (I3). BE minimizes maxy;{Et°**}, while
ME minimizes Y, (Ef°""). Fig. and Fig. 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 [I1]], and
TD-only [22]. Fig. [8(a) and Fig. B(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 « and R;,. While increasing V/F levels im-
proves reliability in DVFES, 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
h; to control task duplication adaptively, increasing problem
flexibility and schedulability despite higher complexity.

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

o
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Fig. 9. Energy and runtime comparison with single- and multi-path routing.
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Fig. 10. Influence of NoC communication and computation parameters on task
allocation and duplication.

include SPE (energy-oriented) and SPT (time-oriented) [T1].
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 cg,
values, MP allows broader path selection and a larger feasible
region, enhancing schedulability. Although the objective of Ps
aligns with SPE, MP sometimes chooses time-oriented paths
when necessary to meet deadlines, making it more adaptable.
Fig. 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. [I0(a)| evaluates the impact of computation vs. com-
munication energy on task allocation. Two parameters are
introduced: ¢ = log(efo™™ /e;”™"), the NoC energy rate, and
€ = Mmax/Mtotai» the proportion of tasks allocated to the
most loaded processor. As ( increases, communication energy
dominates, prompting dependent tasks to co-locate on the same
processor, thus increasing e. When ( is small, energy balancing
favors task dispersion across processors.

Fig. examines how the interval between
V/F levels affects task duplication. A  parameter
n = maxg{Pu/fr}/ ming {Pw/fu} reflects the range
of V/F levels, while 6 = M,/M represents the duplication
ratio. As 7 increases, d decreases, since wider V/F intervals
allow tasks to run at high frequencies without needing
duplication. With small 7, 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.



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.
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