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Application Mapping Onto Mesh-Based
Network-on-Chip Using Discrete Particle

Swarm Optimization
Pradip Kumar Sahu, Tapan Shah, Kanchan Manna, and Santanu Chattopadhyay

Abstract— This paper presents a discrete particle swarm
optimization (PSO)-based strategy to map applications on both
2-D and 3-D mesh-connected Networks-on-Chip. The basic PSO
formulation has been augmented by: 1) running multiple PSOs
and 2) deterministically generating a part of the initial popu-
lation for PSO. The mapping results, in terms of the overall
communication metric, have been compared with well-known
techniques reported in the literature and also with exact methods
built around integer linear programming (ILP). Our PSO-based
results are superior to those from reported techniques. For
smaller benchmarks, the results obtained are same as those
corresponding to the ILP formulation, establishing the quality
of the solution strategy.

Index Terms— Application mapping, discrete particle swarm
optimization (PSO), mesh topology, network-on-chip (NoC).

I. INTRODUCTION

BANDWIDTH limitation of buses has led the system-on-
chip (SoC) designers to look for better communication

alternatives. At the system level, with only up to tens of cores
on a single chip, the performance of traditional bus-based
SoCs expected to be satisfactory. In the many-core era, as the
number of cores residing on an SoC is increasing significantly,
the focus is shifting from computation to communication.
Network-on-Chip (NoC) has evolved as a viable alternative
to solve the communication bottleneck of future SoCs. In an
NoC, the functional modules (known as intellectual property
(IP) cores) communicate among themselves using an underly-
ing fabric of routers connected in some topology. Each core
is connected to a router. Conventional data signal exchanges
between IP cores are replaced by messages passing through
the router fabric [1], [2]. Among different topologies proposed
for such interconnection networks, the mesh is the most
widely used one. Mesh provides a regular structure with short
interconnects and a high bisection width. It also provides a
modular architecture for the NoC with equal sized links. As
a result, many industrial NoCs [3], [4] have been designed
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around the mesh topology. A major challenge in NoC-based
system design is to determine the association of routers of the
fabric to the cores of an application. An application consists
of a set of tasks, each of which is implemented by an IP
core. After the cores participating in an application have been
decided, the application can be represented in the form of a
core graph [5]. The core graph of an application is a directed
graph, G(C, E) with each vertex ci ∈ C representing a core
and the directed edge ei, j ∈ E representing the communication
between the cores ci and c j . The weight of edge ei, j , denoted
by commi, j , represents the bandwidth requirement of the
communication from ci to c j .

On the other hand, the given NoC topology can be repre-
sented in the form of a topology graph [5]. The NoC topology
graph is a directed graph P(U, F) with each vertex ui ∈ U
representing a node in the topology and the directed edge
fi, j ∈ F representing a physical link between the vertices
ui and u j . The weight of the edge fi, j , denoted as bwi, j ,
represents the bandwidth available across the edge fi, j .

A mapping of the core graph G(C, E) onto the topology
graph P (U, F) is defined by the function map: C → U , such
that, ∀ci ∈, ∃u j ∈ U and map (ci ) = u j . The quality of such
a mapping is defined in terms of the total communication cost
of the application under this mapping. The communication
between each pair of cores can be treated as flow of a single
commodity dk, k = 1, 2, . . . , |E |. The value of commodity dk

corresponding to the communication between cores ci and c j

is equal to commi, j , the bandwidth requirement.
The quantity xk

i, j indicating the value of commodity dk

flowing through link (ui , u j ) is given by

xk
i, j =

⎧
⎪⎨

⎪⎩

value (dk), if link(ui , u j ) ∈ Path (source (dk),

sink (dk))

0, otherwise

(1)

where path (a, b) indicates the deterministic routing path
between the mesh nodes a and b in the topology. Satisfying
the bandwidth limitations of individual links must be ensured.

|E |∑

k=1

xk
i, j ≤ bwi, j , for all i, j ∈ {1, 2, . . . , |U |}. (2)

If all bandwidth constraints are satisfied, the communication
cost T of a mapping solution is given by

T =
|E |∑

k=1

value (dk) · hopcount (source(dk), sink(dk)). (3)
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Here, hopcount(a, b) is the number of hops between the
topology nodes a and b. The overall mapping problem is to
optimize the communication cost, ensuring that the bandwidth
constraints of all individual links are satisfied. Communication
cost affects the performance of the overall system and its
energy consumption, as both these factors are directly pro-
portional to the total hopcount.

In this paper, we propose an application mapping strategy
onto mesh-based NoC, using discrete particle swarm opti-
mization (DPSO). The salient features of the approach are
as follows.

1) We have used a multistage PSO. The local and global
best information of i th stage have been passed to the par-
ticles in (i + 1)th stage. This ensures faster convergence
and improved quality of solution for the successive
stages.

2) For any stage of the PSO, the initial population gener-
ation is not fully random. A good number of particles
have been created using a fast deterministic search. This
has enabled our PSO to explore the promising regions
of search space much better.

3) Mapping solutions have been obtained for both 2-D and
3-D meshes.

The rest of this paper is organized as follows. Section II sur-
veys the works reported in the literature. Section III presents
the DPSO formulation of the mapping problem and its aug-
mentations. Section IV the compares results of our approach
with other reported ones. Section V draws conclusion.

II. LITERATURE SURVEY

Because of its high potential, application mapping problems
have drawn the attention of a lot of researchers. A very recent
detailed survey on this can be found in [6]. The strategies
range over exact mapping using integer linear programming
(ILP), heuristic approaches, and meta-search techniques.

Among the notable meta-search techniques, CGMAP [7]
uses the chaotic mapping operator instead of the random
processes in genetic algorithm (GA). GAMR [8], which is a
GA-based mapping and routing approach, addresses a two-
phase mapping of IP cores onto the NoC architecture. An
evolutionary approach called GBMAP [9] reduces energy
consumption and total bandwidth requirement of the NoC.
In [10], an ant colony optimization (ACO) based algorithm
has been proposed for application task mapping onto NoC.
The results have been compared with random mapping tech-
niques. PSMAP, which is a meta-heuristic strategy using PSO
technique, has been proposed in [11] to reduce both static
and dynamic cost of NoC for 2-D mesh-based application
mapping.

All these works address application mapping onto 2-D
NoC. In [12], the authors have proposed a node resource
management technique for digital signal processing (DSP)
applications, which is an extension of NMAP [5], in order
to support 3-D NoC that combines buffer sizing and priority
assignment for DSP applications on 3-D NoC architecture. The
3-D mapping technique [13] shows energy saving by applying
different Vdd values to the different layers of the 3-D NoC
architecture.
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Fig. 1. (a) 4 × 4 NoC mapping. (b) Corresponding particle.

Among the techniques discussed above, the exact methods
built around ILP are not practical for NoCs having moderate
to large number of cores, due to their high execution time.
The heuristic strategies based on the iterative improvement
policy depend heavily on the initial solution. The constructive
heuristics, on the other hand, work with a predetermined
notion about the avenue to achieve a good solution. For
example, almost all such methodologies work with an ordering
of cores/edges of the core graph, sorted in a descending order
of communication requirement. This may not work always.
The evolutionary approach based upon GA, ACO, and PSO
performs a better exploration of the search space, as multiple
solutions do evolve simultaneously with mutual interactions
between them. However, these exploratory strategies also need
to be guided. A general observation about PSO is that it
has faster convergence than similar techniques such as GAs
and can work with a relatively small population size. Though
PSMAP [11] uses the PSO-based formulation, it does not
control the initial population (which is fully random in [11])
or exploration using multiple swarms. This has motivated us
to make an enriched PSO formulation for the application
mapping problem incorporating many augmentations over the
basic PSO. Further, the application mapping problem is NP-
hard, as it is an instance of a constrained quadratic assignment
problem (QAP) [14] which is known to be NP-hard. In [14],
it has also been shown that a QAP instance can be solved
efficiently using PSO.

III. MAPPING USING DISCRETE PARTICLE

SWARM OPTIMIZATION

PSO [15] is a population-based stochastic technique devel-
oped by Eberhart and Kennedy in 1995, inspired by social
behavior of bird flocking or fish schooling. In a PSO system,
multiple candidate solutions coexist and collaborate simulta-
neously. Each solution, called a particle, flies in the problem
space according to its own experience as well as the experience
of neighboring particles. It has been successfully applied in
many problem areas. The quality of a particle is evaluated by
its fitness. The mapping problem can be viewed as an ordering
of the cores.

A. Particle Structure

For the PSO formulation of the application mapping prob-
lem, a particle corresponds to a mapping of cores onto
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the routers. For example, Fig. 1 shows a mapping of 16 cores
on routers of a 4 × 4 mesh.

Assuming that the routers are numbered in increasing order
from top left to the bottom right corner in a 2-D layout, a
particle can be conveniently viewed as a 1-D array, in which
particle[i ] notes down the core mapped to the i th router. For
3-D NoC, the numbering increases from the lowest to the
highest layer. If the number of nodes (routers) present in the
topology graph is greater than the number of cores present in
the core graph, dummy nodes are added to the core graph to
make the two numbers same. Dummy nodes are connected to
all core nodes and between themselves. Edges connecting a
core node to the dummy nodes and the edges between the
dummy nodes are all assigned a cost zero. Let N be the
number of cores present in the core graph, after connecting
dummy nodes, if required. For these N cores, there are N node
positions in the topology graph. A particle is a permutation
of numbers from 1 to N , which shows the placement of
cores to the node positions of the topology graph. The overall
communication cost is influenced by the position of cores in
a particle. In our formulation, the overall communication cost
forms the fitness function. Fitness of a particle pi is equal to
the overall communication cost after mapping the cores to the
routers, as specified by the particle. The lower the value of
the fitness, the better is the particle.

B. Evolution of Generations

In the general DPSO framework, let the position of a
particle (in an n-dimensional space) at kth iteration be
pk =<pk,1, pk,2, . . . , pk,n>. For the i th particle, the quantity
is denoted as pi

k . Let pbesti be the local best solution that
particle i has seen so far, and gbestk be the global best particle
of iteration k. The new position of particle i calculated as

pi
k+1 = (s1∗I⊕s2∗(pk −→ pbesti )⊕s3∗(pk −→ gbestk))·pi

k .
(4)

In the above expressions, a → b represents a sequence
of swaps applied on components of a to transform it to b.
For example, if a =< 1, 3, 4, 2 > and b =< 2, 1, 3, 4 >,
a → b =< swap(1, 4), swap(2, 4), swap(3, 4) >. The
operator ⊕ is the fusion operator. For two swap sequences
a and b, a ⊕b is equal to the sequence in which the sequence
of swaps in a is followed by the sequence of swaps in b.
The constants s1, s2, s3 are the inertia, self-confidence, and
swarm confidence values. The quantity si ∗ (a → b) means
that the swaps in the sequence a → b will be applied with a
probability si . I is the sequence of identity swaps, such as <
swap(1, 1), swap(2, 2), . . . , swap(n, n) >. It corresponds to
the inertia of the particle to maintain its current configuration.
The final swap corresponding to s1 ∗ I ⊕ s2 ∗ (pk →
pbesti ) ⊕ s3 ∗ (pk → gbestk) is applied on a particle pi

k
to generate pi

k+1.
In reference to the application mapping problem, for a parti-

cle p, the router associated with a core is identified by the posi-
tion index of the core in p. The indexing of the position takes
value between 1 and N (N being the number of routers). The
index corresponds to the router number, as shown in Fig. 1.
Let the swap operator SO j,k (where, j and k = 1, 2, . . . , N)

Algorithm 1 Procedure Compute_Swap_Sequence

be such that it swaps j th and kth positions of particle p to
create a new particle pnew. For example, let us consider the
particle p = {16, 4, 3, 2, 14, 5, 6, 1, 13, 12, 7, 9, 15, 11, 8, 10}.
The swap operator SO4,6 swaps the cores at posi-
tions 4 and 6, which creates a new particle pnew =
{16, 4, 3, 5, 14, 2, 6, 1, 13, 12, 7, 9, 15, 11, 8, 10}.

To align a particle pi with its local best, the swap sequence
is identified. Let this be SSl_best

i . Then another swap sequence
is identified to align the particle with the global best. Let this
be SSg_best

i . Now the swap sequence SSl_best
i is applied on

particle pi with a probability s2. Let the modified particle be
pmod

i . Then the swap sequence SSg_best
i is applied on pmod

i
with a probability s3. This creates a new particle pnew

i . Its
fitness is evaluated and the local best is updated for particle
i if it is better than the previous local best for the particle. If
the best fitness in a generation is better than the global best
of the previous generation, the global best is also updated.
The procedure Compute_Swap_Sequence shows the strategy
to determine a swap sequence for the purpose of alignment.

If none of the sequences is sorted, the time complexity of
the procedure Compute_Swap_Sequence is O(n2), n being
the length of a sequence. However, presorting the Dest_sqe
reduces the complexity to O(n log n).

C. Convergence of DPSO

From [16], it can be found that the convergence condition
for this DPSO is given by

(1 − √
s1)

2 ≤ s2 + s3 ≤ (1 + √
s1)

2. (5)

Accordingly, we have worked with various values of
s1, s2, s3 in this range. The values s1 = 1.0, s2 = 0.04, s3 =
0.02 have been observed to produce good results for most of
the applications we have experimented with. A typical trace
of the evolution of a particle with these parameter settings
is shown in Fig. 2. As it can be observed, in the process of
convergence, it is reasonable to assume that the particle has
converged to its final value if there is no significant improve-
ment in the solution quality over the last 100 generations.
Fig. 3 shows a typical evolution of best fitness in our PSO over
generations. It may be noted that there is a small variation in
the fitness values between 100 and 200 generations, which is
not very obvious from the graph. The overall PSO algorithm
is presented next.

D. PSO Algorithm

In order to determine the complexity of the PSO, let us
consider the following.

1) The application specified as a core graph G(C, E), with
number of cores |C| = n, number of edges |E |.
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Fig. 3. Typical trace of the evolution of PSO over generations.

Algorithm 2 PSO Algorithm

2) Topology graph also has n nodes (routers).
3) Number of particles = K .
4) Specified maximum number of generation = g.

The fitness evaluation of a particle is being preceded by
determining the source and destination routers for each edge
of G. Assuming that the particle is presorted, the determi-
nation takes O(log n) time. Thus, overall fitness evaluation
takes O(E log n) time. Hence, the initialization phase has a
complexity of O(K E log n).

For the evolution part, for each particle, identification
of each swap sequence takes O(n log n) time; modification
takes O(n) time, and fitness evaluation O(E log n) time.
Hence, for an iteration of the Do–While loop, it takes
O(K E log n) time. Thus, the overall complexity of the
algorithm becomes O(gK E log n). If |E | = O(n2), that is,

Algorithm 3 Initial Population Generation Heuristic

cores are highly communicating in nature, then the complexity
becomes O(gK n2 log n).

E. Augmentations to the DPSO

The DPSO formulation discussed so far has been augmented
in the following two ways to achieve better solutions.

1) Multiple PSO: Similar to any other search procedure,
PSO also performs both exploration and exploitation of
the search space. The exploration process explores different
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Fig. 4. Communication cost through multiple PSO.

regions of the search space, while the exploitation process
checks for local minima around the globally explored points.
In the initial portion of a PSO run, it performs more of explo-
ration. However, as further generations evolve, the particles
start converging, thus making more of exploitation. Several
strategies have been proposed in the literature [17], [18] to use
multiple swarms within the overall process to strike a balance
between exploration and exploitation. One such strategy, locust
swarm [17], is based on a “devour and move on” strategy—
after a subswarm has found a local optimum, a set of scouts
are deployed to explore new promising regions. However, the
scouts are guided by the intelligence gathered by the previous
subswarms. We have utilized a similar strategy for better
exploration of the search space.

For this, we have run the PSO several times to improve
upon the global best solution. Suppose that the i th run of the
PSO produces the local best pbestk

i for each particle k and the
global best gbesti . In the (i + 1)th run of the PSO, we start
with a new set of particles. However, the global and local
best information of the particles are passed from the i th to the
(i + 1)th PSO. The number of times the PSO is run, i.e., the
terminating criterion, is decided by the following.

1) A user-specified upper limit may be there. In our exper-
imentation we have kept it at 200 individual PSO runs.

2) The global best cost does not improve in last 20 PSO
runs.

Fig. 4 shows a typical improvement in communication
cost achieved through the multiple PSO structure. It can be
observed that the approach can generate significantly better
solutions. This has been explained further in Section IV.

2) Initial Population Generation: For an application with
n cores to be mapped onto a mesh topology having n routers
in it, the total number of possible mappings is n!. Thus,
exploration of the promising region of this huge search space
depends to a great extent on the initial population with which
each PSO starts evolving. To improve the solution quality, in
the initial set of particles we include some particles gener-
ated via a deterministic mapping technique discussed in this
section. For the topology with n routers, we include exactly
n deterministically generated particles. The remaining particles
are generated randomly. The deterministic particle generation
works as follows.

First, the edges of the core graph are sorted on descending
communication requirements (as specified in edge labels).
Let e = (c1, c2) be the edge with the maximum bandwidth
requirement. Mapping process starts with this edge.

Suppose, c1 has been mapped onto router u1 and in the
topology graph, u1 has neighbors u2, u3, and u4. Since all
these routers are one hop away from u1, all of them are equally
suitable for the mapping of c2. In general, at any point during
execution of this constructive mapping algorithm, a subset
of cores is already mapped onto the routers of the topology
graph. Let this set of cores be C ′ and the corresponding
router set be U ′. The algorithm now considers those edges of
the core graph of which exactly one vertex has already been
mapped. It selects such an edge with the highest bandwidth
requirement. Let the unmapped core of that edge be ci . We try
out mapping of ci to each router placed at a one-hop distance
from any router in U ′ (set of routers with already assigned
cores). For each such mapping, cost of mapping is evaluated
by considering the subgraph consisting of cores in the set
C ′ ∪ {ci }. If there is a single mapping with the minimum cost,
it is accepted for mapping of ci , and the process continues
with the next candidate node selected in a similar fashion.
However, if multiple mappings of ci are of same cost, let
us assume Map = {m1, m2, m3, . . . , mk} to be the set of k
candidate positions for ci resulting in equal mapping cost for
the subgraph with vertex set C ′ ∪ {ci }. To distinguish between
these k positions, temporarily select m1 to be the mapping of
ci . With this, we proceed to find the mapping for remaining
cores in a similar fashion, noted earlier. That is, for the next
core to be mapped, the router positions neighboring to the
topology subgraph U ′ ∪ {m1} are evaluated. However, in this
case we do not distinguish between contending positions with
minimum cost value. Instead, we take the first such position
and continue with mapping of remaining cores. When all cores
have been mapped, the cost of the final mapping solution
is taken as the predicted cost of selecting router position
m1 for ci . Similarly, other k−1 positions m2, m3, . . . , mk

are evaluated and the core ci is mapped onto the router
position with the minimum predicted cost. The process con-
tinues by selecting the next core. Algorithm 3 enumerates the
process.

The complexity of the algorithm depends on the number of
entries in the Positions set. The worst case occurs when the
communication pattern of the application is perfectly uniform.
That is, each core communicates equally with any other core.
Cardinality of the Positions set will be different at different
stages of mapping. Initially, the set will have a small number
of entries in it, since the number of already mapped cores at
this time is small. Cardinality will attain its peak value when
about 50% of the cores have been mapped. Then, it will again
start dropping down. In the following we present a result about
the average number of entries in the set during an entire run
of the algorithm.

Theorem 1: The average cardinality of Positions set in the
mapping of an application having M2 cores with uniform
communication pattern onto a mesh of dimension M × M
is O(1).

Proof: To maximize the cardinality of the Positions set,
the first core should get mapped to any location, excepting
on a boundary of the mesh topology. This will create four
contending positions for the next core. Now, to maximize the
number of contending positions for the third core, the second



This article has been accepted for inclusion in a future issue of this journal. Content is final as presented, with the exception of pagination.

6 IEEE TRANSACTIONS ON VERY LARGE SCALE INTEGRATION (VLSI) SYSTEMS

core should not be mapped at a boundary. So, the third core
will have six contending positions. In fact, to maximize the
number of contending positions for the i th core, all previous
(i − 1) cores be mapped in a row (or a column). The process
will continue up to (M −2) cores. Hence, up to (M −2) cores,
the total number of positions is

4 + 6 + 8 + · · · + (2 ∗ (M − 3) + 2) = M2 − 3M. (6)

The (M−1)th core can be placed at a position one row above
or below the row containing the previous (M−2) cores plus the
two boundary positions of the filled row. This gives a total of
2(M −2)+2 positions. Next (M−3) cores will fill up this row.
For each of them, there are two positions. Thus, total number
of positions for this row is given by, 2(M − 2)+ 2 + 2(M−3).

The next core can be mapped either in the rows above
and below these two mapped rows or at the four unmapped
boundary positions of those rows, creating a total of
2(M − 2) + 2 ∗ 2. Next (M−3) cores will have two choices
each. Thus, the total number of positions for this these (M−2)
cores is equal to 2(M − 2) + 2 ∗ 2 + 2(M − 3). The process
will continue till the inner (M − 2) × (M − 2) mesh is full.
Up to this point, total number of positions will be

M2 − 3M + 2(M − 2) + 2 ∗ 1 + 2(M − 3)

+ 2(M − 2) + 2 ∗ 2 + 2(M − 3)
...

+ 2(M − 2) + 2 ∗ (M − 3) + 2(M − 3)

= 6M2 − 30M + 36 = O(M2).

For the remaining (2M − 4) cores, only M2 − (M − 2)2 =
(2M −4) boundary positions are available. Thus, total number
of entries in the position array for these cores is O(M2).

Hence, total number of entries in the position array during
entire run of algorithm is O(M2), giving an average of O(1)
number of entries per core.

Theorem 2: The complexity of Map_Graph algorithm is
O(n5 log n), n being the number of cores of the application.

Proof: The complexity of Map_Graph is dominated by
the complexity of procedure Find_Mapping. Computation of
Cost1 and Cost2 take O(E) time. The next “While” loop
iterates for O(n) time. In the body of the “While-loop”,
average cardinality of Positions set is O(1). Thus, com-
plexity of Evaluate_Positions is O(E log n). The procedure
Predict_Best is called next. The cardinality of Min_Positions
is O(1), thus, in procedurePredict_Best, the outermost “For-
loop” runs for a constant number of times. For each
run, “While-loop” runs O(n) times, each time spending
O(E log n) time to evaluatePositions. Hence, complexity of
Predict_Best is O(nE log n). As a result, the “While-loop”
of procedure Find_Mapping takes O(n2 E log n) time. Thus,
the procedure has a complexity of O(n2 E log n). Now, the
Map_Graphalgorithm calls Find_Mappingn times, creating a
time complexity of O(n3 E log n). If |E | = O(n2), the time
required is O(n5 E log n).

To determine the complexity of the overall PSO, for an
n-core application we first note that the initial generation of n
deterministic particles via Map_Graph takes O(n5 log n) time.

TABLE I

DIFFERENT APPLICATIONS AND THEIR MESH SIZES

Benchmark Applications No. of Cores 2-D Mesh 3-D Mesh

DVOPD 32 4 × 8 4 × 4 × 2

VOPD 16 4 × 4 2 × 4 × 2

MPEG-4 12 4 × 4 2 × 4 × 2

PIP 8 4 × 2 2 × 2 × 2

MWD 12 4 × 4 2 × 4 × 2

263ENC MP3DEC 12 4 × 4 2 × 4 × 2

MP3ENC MP3DEC 13 4 × 4 2 × 4 × 2

263DEC MP3DEC 14 4 × 4 2 × 4 × 2

TABLE II

COMMUNICATION COST FOR NoC BENCHMARKS

Mapping Communication Cost (Hops × BW) in MB/s

Techniques VOPD MPEG–4 PIP

NMAP [5] 4265 3672 640

PMAP [19] 7054 6128 832

GMAP [20] 5553 7849 704

PBB [20] 4317 3763 640

MOCA [21] – 5246 –

BMAP [22] 4351 6280 –

Onyx [23] 4249 3612 –

CHMAP [24] 4249 3977 –

CMAP [25] 4281 3704 –

Elixir [26] 4249 3640 –

LMAP [27] 4189 4006 640

CastNet [28] 4135 3852 –

CGMAP [7] 4300 3600 –

GAMR [8] – 3772 –

GBMAP [9] 4217 3572 –

ACO [10] – 3633 –

PSMAP [11] 4119 3567 640

Our Algorithm 4119 3567 640

If K is the total number of particles created, the Evolution
phase takes O(gK E log n) time. If h is the upper bound on
the number of PSOs run, the overall complexity becomes
O(n5 log n+hgK E log n) = O(n5 log n+gK n2 log n), where,
|E | = O(n2).

IV. SIMULATION RESULTS

In this section, we present the simulation results of our
application mapping approaches using discrete DPSO. The
applications are mapped onto 2-D and 3-D mesh structures
with mesh sizes noted in Table I. The core graphs for the
applications can be found in [6].

A. Results on Communication Cost

Mapping solutions for a number of SoC benchmark
applications are shown in Table II. Both PSMAP [11] and
our approach produce solutions requiring the minimum
cost. Since NMAP [5] is a tool widely used for comparing
application mapping results, we have also compared our
results with NMAP in Tables III–VIII. We have created a
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TABLE III

COMMUNICATION COST AND CPU TIME FOR DIFFERENT APPLICATIONS WITH THEIR CORRESPONDING ALGORITHMS

DVOPD VOPD MPEG–4 PIP
Mapping Comm. Cost CPU Time Comm. Cost CPU Time Comm. Cost CPU Time Comm. Cost CPU Time

Algorithms (Hops × BW) in s (Hops × BW) in s (Hops × BW) in s (Hops × BW) in s
NMAP 10253 0.380 4265 0.024 3672 0.016 640 0.010
PSMAP 9752 14.287 4119 0.260 3567 0.040 640 0.010
Our 2–D 9602 15.770 4119 3.340 3567 3.080 640 0.590
ILP–2-D – – 4119 4474.730 3567 21.530 640 1.280

NMAP–3-D 9914 0.384 4199 0.020 3672 0.012 640 0.010
PSMAP–3-D 9592 8.613 4119 0.330 3567 0.040 640 0.010

Our 3–D 9528 9.980 4119 2.510 3567 3.150 640 0.450
ILP–3-D – – 4103 14109.060 3567 88.310 640 1.340

MWD 263 ENC MP3DEC MP3ENC MP3DEC 263 DEC MP3DEC
Mapping Comm. Cost CPU Time Comm. Cost CPU Time Comm. Cost CPU Time Comm. Cost CPU Time

Algorithms (Hops × BW) in s (Hops × BW) in s (Hops × BW) in s (Hops × BW) in s
NMAP 1184 0.016 230.407 0.012 18.171 0.016 20.073 0.016
PSMAP 1120 0.020 230.407 0.268 17.021 0.320 19.823 0.260
Our 2-D 1120 3.010 230.407 3.040 17.021 3.080 19.823 3.150
ILP-2-D 1120 200.510 230.407 191.910 17.021 1432.430 19.823 4895.250

NMAP-3-D 1184 0.016 230.407 0.012 17.021 0.012 20.073 0.012
PSMAP-3-D 1120 0.180 230.407 0.056 17.021 0.044 19.823 0.220

Our 3-D 1120 1.880 230.407 1.890 17.021 1.920 19.823 1.960
ILP-3-D 1120 953.120 230.407 290.350 17.021 1763.090 19.823 5408.680

variant of our DPSO formulation (for 2-D mesh) to produce
3-D mesh mapping solutions as well. Next, for fair comparison
we have implemented basic NMAP and extended it to
3-D called NMAP-3-D. We have also created a variation of
the original PSMAP [11] by extending the topology to 3-D
named PSMAP-3-D. To see the optimality of our mapping
techniques, we have formulated the ILP-based mapping onto
2-D and 3-D mesh-based NoC. We name these as ILP-2-D
and ILP-3-D respectively. For 3-D NoC architecture, we have
used the “3-D Mesh” presented in [29]. It may be noted that
3-D IC design has several issues related to the through silicon
vias (TSVs) [30] and their failure rates. Since the application
mapping problem is a much higher level one, the details are
not included in our formulation. A detailed discussion on
vertical link design and characterization for 3-D NoC can be
found in [31].

Most of the mapping strategies reported in Table II either
attempt to construct a mapping or to improve upon a solution.
As a result, the search is more directed and it does not perform
much exploration of the design space. The techniques CGMAP
[7], GAMR [8], and GBMAP [9] are built around GAs,
while PSMAP [11] uses PSO. These strategies perform both
exploration and exploitation. However, often it is very difficult
to strike a balance between exploration and exploitation to
evolve good solutions. The approach suggested in this paper
performs both very judiciously. Creation of subset of initial
particles using the algorithm Map_Graph aids in exploring
promising regions of search space well, over a purely random
initial population, followed in previous approaches. The usage
of multiple PSO also has a good impact on the solution quality.
When a single PSO finishes, it has found a local minima.
The issuance of a new set of particles and evolution around
them help checking the quality of the previous local minima
and updating accordingly if the process discovers new local
minima better than the previous one.

From Table III, if we compare our 3-D mesh map-
ping technique with ILP-3-D, it is found that, except for
VOPD, our 3-D mapping technique produces similar results as
ILP-3-D with less CPU time. Application DVOPD could not
be tried in the ILP formulation due to excessive runtime.
PSMAP-3-D also produces results requiring either exactly or
almost the same cost as our approach. NMAP-3-D entails a
slightly higher cost. Similar trend could be observed in 2-D
mesh mapping also.

B. Network Latency Comparison

For a better comparison among the mapping solutions, we
have simulated each of the networks. Synthetic self-similar
traffic has been generated, guided by the communication
requirements of cores in the application. Self-similar traffic has
been observed in the burst traffic between on-chip modules in
typical video and networking applications. A detailed descrip-
tion of such traffic generation strategy can be found in [32].
Our traffic generator uses self-similar nature for generating the
traffic by aggregating a large number of ON–OFF message
source following Pareto distribution with Hurst parameter,
H = 0.75; Shape parameter αON = 1.5 and αOFF = 1.17
[33].

A SystemC-based simulator [33] has been utilized to com-
pute the average network latency of the mapping solutions.
For packet i, overall latency can be defined as

Li = (Sender overhead) + (Transport latency)

+ (Receiver overhead).

So the average latency will be

Lavg = �TP
1 Li

Number of delivered packets (TP)

The router design has been taken from [33]. Each router has
the following configuration.
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TABLE IV

AVERAGE NETWORK LATENCY IN ROUTER CYCLE

Mapping
DVOPD VOPD MPEG-4 PIP MWD

263ENC MP3ENC 263DEC

Algorithms MP3DEC MP3DEC MP3DEC
NMAP 103.02 104.20 90.64 83.50 90.50 92.60 84.76 94.13
PSMAP 104.57 101.53 90.59 83.50 90.39 92.48 82.67 83.95
Our 2-D 103.10 101.10 90.50 83.50 89.98 91.32 82.50 83.80

NMAP-3D 86.62 83.65 88.67 78.90 88.64 90.23 81.54 82.73
PSMAP-3D 85.90 82.48 88.09 77.10 85.45 86.89 79.13 78.52

Our 3-D 86.60 82.05 85.10 77.10 84.80 86.50 78.20 77.80

≈20mm

≈10mm

C30 C19 C25

C5 C6 C7 C9 C27 C29 C20 C23

C13 C12 C14 C11 C32 C21 C22C26

C2C3 C1 C31 C16 C17 C18 C24

C4 C15 C8 C10 C28

Fig. 5. DVOPD mapped onto 2-D mesh-based NoC.

Number of global ports: 2 (2-D), 3 (3-D) for corner
routers, 3 (2-D), 4 (3-D) for edge routers, 4 (2-D), 5
(3-D) for others.
Number of virtual channels per link: 4.
Buffers: Nil in output channel, one of depth 6 at each
input channel.
Number of flits per packet: 64.
Arbitration: Round-robin; Frequency: 1.5 GHz.

All routers are assumed to operate at the same speed.
However, if the router speeds are different, the latency needs
to be computed in terms of absolute time. Table IV shows
the latency results for each of the mappings by running the
simulation for 200 000 clock cycles. Except DVOPD, in all
other cases our mapping results in minimum latency. However,
it should be noted that the latency values do not differ much
across the mapping strategies. The 3-D mappings incur less
latency compared to 2-D ones. To look into the reason for this
latency improvement, we have checked the mapping solutions
for DVOPD produced by our 2-D (Fig. 5) and 3-D (Fig. 6)
techniques. Due to the flexibility of the third dimension, it can
be observed that the total hopcount has reduced by about 50%
in 3-D. This results in significant saving in latency.

C. Energy Comparison

Power/energy calculation depends on the power consumed
by the routers and by the links. Links may be of different
lengths depending upon the core dimensions and interlayer
spacing (for 3-D). In the absence of any information about
sizes of individual cores, similar to [29], we have assumed
each of them to be of dimension 2.5 mm × 2.5 mm. Assuming
these dimensions, tentative floorplans of the mapped cores of

≈10mm

≈10mm

≈20μm

C31 C1 C2 C12

C16 C30 C15 C14

C24 C26 C32 C11

C28 C29 C9C27

C18 C19 C3 C13

C17 C20 C4 C5

C25 C21 C7 C6

C23 C22 C8 C10

Fig. 6. DVOPD mapped onto 3-D mesh-based NoC.

DVOPD application have been shown in Figs. 5 and 6. It
results in a 2-D NoC of size ≈ (20 mm × 10 mm). For 3-D,
the length of a vertical link has been taken to be 20 μm [29].
Thus, 3-D NoC is of size ≈ (10 mm × 10 mm × 20 μm). The
link length connecting two adjacent routers in a plane is about
2.5 mm, while the link between a router and its attached core is
about 1.25 mm. Copper wire (resistivity = 17n�-m) has been
chosen as interconnection link. The width and thickness of
the wire have been taken to be 0.25 and 0.5 μm, respectively.

The spacing between two adjacent wires is kept at 0.25 μm;
between two metal layers it is fixed at 0.75 μm. Dielectric
material has a relative permittivity of 2.9. Energy consumption
for all possible transitions in the wires have been calculated
using HSPICE. Energy consumption of each router has been
determined using Synopsys Prime Power in 90-nm CMOS
technology with Faraday library by running their gate level
netlist. The number of toggles of every individual I/O pin of
the router and their probability of remaining in logic-1 state for
the entire simulation window were calculated from the NoC
simulator.

This information is then fed to Synopsys Prime Power
tool to estimate the power of each router with the following
parameters: process = typical, supply voltage = 1 V, temper-
ature = 75 °C and router clock period = 666 ps [33].
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TABLE V

COMMUNICATION ENERGY

Mapping Total Network Energy in μJ Average Packet Energy in nJ

Algorithms DVOPD VOPD MPEG-4 PIP DVOPD VOPD MPEG-4 PIP

NMAP 115.62 49.94 33.67 16.91 202.85 168.72 118.98 331.57

PSMAP 115.65 49.89 33.65 16.91 201.13 166.30 116.03 331.57

Our 2-D 115.60 49.80 33.60 16.90 201.04 166.0 115.86 331.37

NMAP-3-D 42.42 18.36 13.50 7.83 117.18 139.10 88.82 326.25

PSMAP-3-D 42.40 18.36 13.40 7.83 109.56 131.14 77.01 326.25

Our 3-D 42.10 18.29 13.20 7.82 108.78 130.64 75.86 325.83

TABLE VI

COMMUNICATION COST AND CPU TIME FOR DIFFERENT TGFF TASK GRAPHS AFTER 2-D MAPPING

NMAP PSMAP Our 2-D

TGFF Task Comm. Cost CPU Time Comm. Cost CPU Time Comm. Cost CPU Time

Graphs (Hops × BW) in s (Hops × BW) in s (Hops × BW) in s

64 CORES

G1 9207.50 8.43 8380.79 13.87 6734.78 6.06

G2 132292.38 12.37 115797.09 23.63 107741.99 22.05

G3 116337.81 13.41 110077.83 52.14 107888.02 7.33

G4 55244.17 12.09 50947.07 35.76 45598.64 27.92

G5 6015.28 12.96 5949.09 42.22 5758.61 23.87

128 CORES

G6 70168.36 410.57 67508.53 205.85 56721.63 792.20

G7 503767.47 548.63 453078.22 567.74 422034.71 864.40

G8 343982.87 423.57 285295.72 405.34 281405.75 650.21

G9 82744.31 451.50 73940.90 584.36 66441.44 825.91

Average % of Improvement
Over NMAP 16.41 -

Over PSMAP 8.19 -

TABLE VII

COMMUNICATION COST AND CPU TIME FOR DIFFERENT TGFF TASK GRAPHS AFTER 3-D MAPPING

TGFF NMAP-3-D PSMAP-3-D Our 3-D

Task Two-Layer NoC Four-Layer NoC Two-Layer NoC Four-Layer NoC Two-Layer NoC Four-Layer NoC

Graphs Comm. Cost CPU Time Comm. Cost CPU Time Comm. Cost CPU Time Comm. Cost CPU Time Comm. Cost CPU Time Comm. Cost CPU Time

(Hops × BW) in s (Hops × BW) in s (Hops × BW) in s (Hops × BW) in s (Hops × BW) in s (Hops × BW) in s

64 C O R E S

G1 8993.43 8.50 7296.16 8.41 7753.42 38.48 7104.0 110.32 6102.65 30.26 6247.98 30.48

G2 120675.94 12.38 115141.38 12.43 97876.80 43.64 102396.04 23.92 96187.35 139.25 95973.67 47.96

G3 105054.87 13.38 101623.51 13.37 96442.11 56.16 101152.73 28.24 94681.89 180.88 93818.03 23.21

G4 49722.70 12.09 46629.01 12.09 45335.04 71.50 40809.76 48.33 39600.16 157.74 37885.31 23.70

G5 5936.57 12.99 5460.82 12.89 5405.96 19.54 5235.79 15.33 4873.16 45.23 4709.03 30.05

128 C O R E S

G6 56527.89 379.93 52312.93 368.71 52877.81 431.81 48756.31 117.48 46756.26 769.64 41935.76 524.65

G7 401307.90 491.86 371394.65 487.57 364156.78 726.16 342358.37 215.69 346397.37 967.12 330423.46 1097.0

G8 273083.43 409.02 239552.32 392.34 248845.19 286.30 238251.30 939.18 218309.40 561.69 210267.35 532.83

G9 70003.84 312.94 62820.28 309.51 60670.27 130.35 58426.30 262.29 54751.44 672.49 53141.39 523.49

Average % of Improvement
Over NMAP 19.27 - 14.75 -

Over PSMAP 9.45 - 9.01 -

Table V shows energy comparison of mapping solutions
obtained via different approaches. In general, 3-D mapping is
expected to consume less energy due to the shorter vertical
links. Hopcount also reduces significantly affecting the power
consumed by the routers as well. Table V also notes the
average packet energy. As noted in [29], packet energy is
an important attribute for characterizing NoC structures. With
more packets traversing through the network, the total energy
consumption will increase; however, the average packet energy
is expected to reduce. Among 3-D mapping solutions, our 3-D
solutions result in the least average packet energy. However,

for these small-sized NoCs a notable difference in energy
consumption could not be observed.

D. Bigger Applications

To check the applicability of the PSO-based approach on
larger SoCs, we have used the TGFF tool [34] to generate a
few task graphs with 64 and 128 cores. The bandwidths are
varied from 10 to 1500 MB/s for some graphs and from 50 to
150 MB/s for others, following the heterogeneous communica-
tion behavior of cores. The in–out degrees of nodes are varied
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TABLE VIII

COMMUNICATION ENERGY OF CORE GRAPHS HAVING HIGHER NUMBER OF CORES

Two-Layer NoC Four-Layer NoC

NMAP Our 3-D NMAP-3-D Our 3-D NMAP-3-D Our 3-D

TGFF Total network Average packet Total network Average packet Total network Average packet Total network Average packet Total network Average packet Total network Average packet

Task energy energy energy energy energy energy energy energy energy energy energy energy

Graphs in μJ in nJ in μJ in nJ in μJ in nJ in μJ in nJ in μJ in nJ in μJ in nJ

64 Cores
G1 265.42 273.61 264.28 267.69 94.48 116.64 91.53 106.43 87.97 107.24 86.23 97.99

G5 258.83 266.80 256.66 261.94 90.73 112.01 88.45 102.85 85.14 103.83 84.36 95.86

128 Cores
G6 544.15 280.49 542.84 272.78 192.52 106.36 184.73 98.26 180.91 98.86 172.73 91.39

G9 546.76 281.83 544.78 273.76 194.87 107.66 186.86 99.39 183.23 100.13 174.87 92.52

TABLE IX

COMPARISON OF SINGLE AND MULTIPLE PSO WITHOUT AND WITH DETERMINISTIC INITIAL POPULATION

(500 PARTICLES, 100 GENERATION SATURATION AND s1 = 1.0, s2 = 0.04, s3 = 0.02)

Single PSO With Random Single PSO With Random + Multiple PSO With Random Initial Multiple PSO With Random +

Initial Population Deterministic Initial Population Population Deterministic Initial Population

Generation Fitness Generation Fitness Generation Fitness Generation Fitness

887 154 257 101 154 338

15 415 153 589 7119 110 927
15 415 121 027 7119 107 741

TABLE X

COMMUNICATION ENERGY FOR APPLICATION GRAPH G8 FOR VARIOUS TILE SIZES ACROSS TECHNOLOGIES

90 nm (2.5 mm × 2.5 mm) 65 nm (2.0 mm × 2.0 mm) 45 nm (1.75 mm × 1.75 mm) 32 nm (1.5 mm × 1.5 mm)

Total Average Total Average Total Average Total Average

Mapping network packet network Average network packet network packet

Techniques energy energy energy energy energy energy energy energy

in μJ in nJ in μJ in nJ in μJ in nJ in μJ in nJ

NMAP 462.720 238.516 887.463 457.455 1436.258 740.340 1945.962 1003.070

PSMAP 454.616 228.450 870.355 437.364 1414.550 710.830 1913.184 961.40

Our Algorithm 434.028 218.10 829.750 416.960 1347.850 677.310 1826.117 917.647
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Fig. 7. Typical trace of the communication cost over number of particles.

from 1 to 8 to generate both low and high communication
graphs. The number of start nodes is also varied. 64-core
NoCs are implemented in 2-D as 8 × 8 and in 3-D both
4 × 8 × 2 (two layer) and 4 × 4 × 4 (four layer). For
the 128-core case, 2-D mesh is realized as 8 × 16 while
3-D mesh is realized as 8 × 8 × 2 (two layer) and 4 ×
8 × 4 (four layer). Tables VI and VII show the mapping
solutions for these task graphs. Our 2-D mapping algorithm
produces solutions requiring, on average, 16.41% and 8.19%
less communication than NMAP and PSMAP, respectively.
For 3-D mapping, the corresponding values are 19.27% and
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Fig. 8. Typical trace of the CPU time over number of particles.

9.45% for two-layer realization. For four-layer realization, the
improvements are 14.75% and 9.01%, respectively. Table VIII
shows energy comparisons for some of the larger benchmarks
we have worked with.

E. Effect of Multi-PSO and Deterministic Initial Population

Next we present a study on the effect of augmentations made
to the basic PSO strategy. Table IX shows the corresponding
results for a 64-core graph (G2 in Table VI) on a mesh
topology. The first two columns show the values for the case in
which a single PSO is run with fully random initial population.
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Fig. 9. Typical trace of the CPU time over particle size.

TABLE XI

PARAMETER SETTINGS IN ORION 2.0

Parameter Value

Technology 90–32

Operating Condition (Transistor type) NVT (Normal)

Supply voltage 1.0 V

Frequency 1.5 GHz

Virtual channels 4

Input buffer 1 (Present)

Input buffer depth 6

Buffer type Register

TABLE XII

COMMUNICATION ENERGY FOR APPLICATION GRAPH G8 FOR VARIOUS TILE SIZES AT 32 nm TECHNOLOGY

Tile Size 2.25 mm2 Tile Size 1.0 mm2 Tile Size 0.1 mm2 Tile Size 0.01 mm2

Mapping Total Average Total Average Total Average Total Average

Mapping network packet network Average network packet network packet

Techniques energy energy energy energy energy energy energy energy

in μJ in nJ in μJ in nJ in μJ in nJ in μJ in nJ

NMAP 1945.962 1003.070 1684.502 868.30 1427.124 735.631 1289.797 664.344

PSMAP 1913.184 961.40 1653.779 831.045 1396.527 701.772 1275.876 641.144

Our Algorithm 1826.117 917.647 1581.710 794.830 1330.682 668.684 1210.923 608.504

The next two columns are for the single PSO with a part of the
initial population generated deterministically. The following
two columns are for multiple PSOs with random initial popu-
lation at each PSO, while the last two columns are for multiple
PSOs with deterministically augmented initial population. Best
results have been achieved for multiple PSOs with a part of the
initial population generated deterministically. From the second
row of the table, it can be observed that even if the single PSO
with random initial population is run for 15 415 generations,
the global best is 153 589, compared to 121 027. Similarly,
running the single PSO with a deterministic population part for
7119 generations cannot take the global best value to 107 741;
it remains at 110 927. This clearly establishes the suitability of
our proposed augmentation strategies for improving solution
quality.

F. Effect of Particle Number and Size

We have performed an extensive study on the benchmark
(G8 in Table VI) with 128 cores. Since the size of a particle
is equal to the number of cores, it is fixed at 128. The results
are shown in Fig. 7 (for communication cost) and Fig. 8

(for CPU time). Increasing the number of particles from 200 to
higher values reduces the communication cost of the solution
produced. However, beyond 800 particles, it could not improve
the solution further. The CPU time, as expected, increases
linearly with the number of particles. The larger the number
of cores in the application, the larger will be the particle size.
As shown in Fig. 9, up to 64 cores, the CPU time does not
increase significantly; however, doubling the particle size from
64 to 128 requires about a 6.5-fold increase in CPU time.

G. Effect of Process Technology and Tile Size

In order to check the quality of solution produced by
different mapping techniques in advanced technologies, we
have used the tool Orion 2.0 [35]. Orion provides a fast and
accurate NoC power and area models for early stage design-
space exploration at various process technologies, such as 90,
65, 45, and 32 nm. The assumed tile size of 2.5 mm × 2.5
mm has been scaled down to appropriate sizes by considering
the equivalent reduction of two-input NOR gate across the
technologies. The equivalent tile sizes have been shown in
Table X against each technology. The link length reduces
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accordingly. The relevant parameter settings have been noted
in Table XI.

With this setting, the total network energy and average
packet energy have been determined for benchmark G8. It can
be observed that the approach proposed in this paper requires
the least energy, consistently across all process technologies.
For improved technologies, the energy consumption goes up
due to the effect of increased leakage current.

At improved process technologies, the core dimension can
be very small. The effect of reduced tile sizes on network
energy consumption has been shown in Table XII. It shows
the total network energy and average packet energy at 32-nm
technology for tile sizes 2.25, 1.0, 0.1, and 0.01 mm2. As
expected, energy consumption reduced, mainly due to link-
length reduction. The results corresponding to the mappings
produced by our strategy are better than those by NMAP and
PSMAP. The supply voltage and operating frequency have
been kept fixed at 1 V and 1.5 GHz, respectively.

V. CONCLUSION

In this paper, we have presented mapping strategies for
2-D and 3-D mesh based NoC using the DPSO technique. It
shows reasonable improvement in communication cost while
considering static operation of the system. There is also
improvement in dynamic performance and energy consump-
tion of the solutions produced by this strategy, compared to
the best ones previously reported. To see the optimality of our
mapping techniques, we have formulated ILP-based mapping
onto 2-D and 3-D mesh-based NoC. From the comparison
table, it was found that our 2-D and 3-D mapping techniques
produce similar results as in the ILP technique with less
CPU time. Comparison of solutions produced establishes our
mapping technique to be a strong competitor to the previously
available mapping strategies.

There exist several directions in which the work reported
in this paper can be extended. The major avenues include
extension to irregular and custom topologies, incorporating
router design variations into the mapping process, varying traf-
fic behavior, buffer characteristics, etc. An irregular topology
[36] may not have all links and routers in it. Extending the
PSO-based mapping strategy onto such a topology requires
modification of the cost function appropriately. Also, in the
Map_Graph algorithm, to generate candidate Positions, we
need to take care of the irregularities. The communication
cost model used in this paper inherently assumes that each
router takes same amount of time to traverse through it. This
may not be true. Also, longer links may need pipelining
in data transfer through them. Asynchronous router design
has been suggested in [37]. The communication cost model
needs to be tuned to solve the mapping problem on these
variations in the network. It can be observed from Tables III
and IV that, in many cases, though the communication cost has
improved, the latency improvement is not that much. This has
happened because of non stationarity with periods of high and
low network loads [38]. A mapping technique aware of such
traffic variations needs to be developed. The current router
implementation assumes uniform buffers placed at the input
channels. However, in [39] it was shown that the information

flow and buffer behavior could be modeled using a quantum-
like approach, and accordingly a nonuniform buffer allocation
to the channels was suggested. This non uniformity will also
have its effect on the mapping and system performance.
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