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Abstract—With the rapid increase in the size and scale of
modern systems, topology-aware process mapping has become
an important approach for improving system efficiency. A poor
placement of processes across compute nodes could cause signifi-
cant congestion within the interconnect. In this paper, we propose
a new greedy mapping heuristic as well as a mapping refinement
algorithm. The heuristic attempts to minimize a hybrid metric
that we use for evaluating various mappings, whereas the refine-
ment algorithm attempts to reduce maximum congestion directly.
Moreover, we take advantage of parallelism in the design and
implementation of our proposed algorithms to achieve scalability.
We also use the underlying routing information in addition to the
topology of the system to derive a better evaluation of congestion.
Our experimental results with 4096 processes show that the
proposed approach can provide more than 60% improvement in
various mapping metrics compared to an initial in-order mapping
of processes. Communication time is also improved by 50%. In
addition, we also compare our proposed algorithms with 4 other
heuristics from the LibTopoMap library, and show that we can
achieve better mappings at a significantly lower cost.

I. INTRODUCTION

As we move toward the Exascale era, both the number of
nodes in a system and the number of cores within each node
are rapidly increasing. HPC systems are becoming more and
more complex, introducing increasing levels of heterogeneity
in communication channels. In this regard, topology-aware
process mapping has been shown to be a promising and
necessary technique for efficient utilization of communication
resources in modern large-scale systems [1]–[4]. Mapping pro-
cesses based on the communication pattern of an application
and the physical topology of the underlying system could
prevent communication over slower channels, contention, and
message transmission over long paths.

In particular, topology-aware mapping can help to reduce
congestion within the interconnection network. Congestion is
known to be an important factor that can highly affect commu-
nications performance. It has been shown that communications
can suffer up to 6.5 times lower in bandwidth, and 5 times
higher in latency in existing InfiniBand installations because
of congestion [5]. Current trends show that as we move toward
Exascale era, network congestion is expected to worsen in
future. The rapid increase in the scale of modern systems
highly increases the amount of traffic that is pushed into the
network. Although network devices are persistently scaled up
to meet the requirements of large scale systems, they still lag
behind the rate at which the number of processing nodes is
increased [6]. Therefore, we will see highly under-provisioned
networks in Exascale systems, leading to higher amounts of
congestion. Furthermore, as the systems scale up, network

diameter tends to grow causing the messages to traverse more
links to get to their destination. Consequently, each link will be
shared among a higher number of messages, provoking more
congestion [7].

In this paper, we propose PTRAM; a parallel topology- and
rounting-aware mapping framework. Specifically, we propose
two topology- and routing-aware process-to-node mapping
algorithms in PTRAM. The proposed algorithms are parallel in
nature, and take into account the routing information so as to
derive a better evaluation of congestion across network links.
For InfiniBand clusters in particular, we take into account the
static assignment of routes across the links. Previous studies
[5] show that most communication patterns cannot achieve full
bisection bandwidth in practical fat-tree InfiniBand networks.
The problem is not the number of available physical links; it
is the static routing scheme which might oversubscribe some
links while leaving others idle. To the best of our knowledge,
this is the first work that takes into account the static routing
scheme of InfiniBand to optimize the mapping.

In particular, we propose a core greedy mapping heuristic
accompanied by a mapping refinement algorithm. The core
heuristic attempts to minimize a hybrid metric that is used
to evaluate candidate mappings from multiple aspects. The
refinement algorithm on the other hand attempts to directly
reduce maximum congestion by refining the mapping output
from the greedy heuristic. We take advantage of parallelism
in the design and implementation of our proposed algorithms.
We believe parallelism is the key for having a truly scalable
topology-aware mapping approach in current and future HPC
systems. To the best of our knowledge, this is the first attempt
in proposing parallel algorithms for topology-aware process
mapping.

The rest of the paper is organized as follows. In Section
II, we review the background material. Section III presents the
related work. Section IV is devoted to our proposed mapping
algorithms. Experimental results are provided in Section V,
followed by conclusion and future directions in Section VI.

II. BACKGROUND

In general, topology-aware mapping is an instance of the
graph embedding problem [8] which is known to be NP-
hard. Therefore, various heuristics are used to find suboptimal
solutions with respect to some metric used to assess the quality
of a particular mapping. Hop-bytes is the metric based on
which the majority of mapping heuristics have been designed.
For each individual message, hop-bytes represents the product
of the message size and the number of hops traversed from
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source to destination. The summation of such products over
all communicated messages represents the hop-bytes value of
a given mapping. Accordingly, mapping algorithms attempt
to assign processes to processing elements so as to minimize
the resulting hop-bytes value. Eliminating message sizes from
hop-bytes will result in dilation; another metric for mapping
that represents the total number of hops traversed by messages.
Thus, hop-bytes can be considered as a weighted dilation, with
the weights being the volume of messages.

Maximum congestion is another metric used in topology-
aware mapping. In this context, congestion represents the
accumulative traffic load that would pass through network
links throughout the execution of an application. Therefore,
it provides a static measure of congestion across the links.
More specifically, the congestion value of each individual link
is defined as the total volume of messages passing through that
link, divided by the capacity of that link. Formally speaking, let
τ : P → N represent a mapping from the set of processes P to
the set of nodes N . Moreover, let L denote the set of all links
in the target system. For every pair of processes (p, q) ∈ P ,
we use L(p, q, τ) ⊆ L to denote the set of links used in the
path from τ(p) to τ(q). Moreover, we denote by SD(l, τ)
the set of all source-destination processes (p, q) ∈ GM for
which the route from τ(p) to τ(q) involves link l. Note that
(p, q) ∈ SD(l, τ) if and only if l ∈ L(p, q, τ). Now, the
congestion value of a given link l is given by

Congestion(l) =

∑
(p,q)∈SD(l,τ) w(p, q)

c(l)
, (1)

where w(p, q) is the relative weight of communication between
p and q, and c(l) represents capacity of l. The maximum
congestion metric of a mapping τ is then defined as:

Congestion(τ) = max
l∈L

Congestion(l). (2)

Topology-aware mapping can be considered in the context
of any parallel programming paradigm. In particular, the Mes-
sage Passing Interface (MPI) [9] is known to be the de facto
standard for parallel programming. In MPI, communication is
realized by explicit movement of data from the address space
of one process to another. MPICH, MVAPICH and Open MPI
are the most popular implementations of MPI. With respect
to mapping, MPI provides various topology-related interfaces
that could be used for topology-aware mapping. MPI provides
a mechanism to describe the virtual topology of an application
(also known as process topology). The virtual topology can be
used to express the communication pattern of an application in
terms of a graph. Each vertex of the graph represents a process
while edges capture the communication relationships among
the processes. Moreover, MPI topology functions can also be
used to establish a desired mapping through a rank-reordering
mechanism. Rank-reordering basically means changing the
default ranks assigned to MPI processes. In this regard, it is
assumed that the processes have initially been mapped onto
a set of nodes/cores, and we want to change the mapping to
improve communication performance. This can implicitly be
done by changing the initial ranks assigned to processes.

III. RELATED WORK

Several experiments performed on large-scale systems such
as the IBM BG/P and Cray XT supercomputers verify the ad-

verse effects of higher contention and hop-counts on message
latencies in such systems [7]. Balaji et al. [1] have shown that
different mappings of an application on large-scale IBM BG/P
systems can significantly affect the overall performance. Ac-
cordingly, they propose a framework for finding the mapping
with the least amount of contention among different mapping
strings supported by the system. Bhatelé and Kalé [10] propose
several heuristics based on the hop-bytes metric for mapping
irregular communication graphs onto mesh topologies. The
heuristics generally attempt to place highly communicating
processes closer together. To this end, the authors present
two techniques (spiraling and quadtree) for finding the closest
processor to a given source in a 2D mesh.

Mercier and Clet-Ortega [11] use the Scotch library [12] to
do the mapping. Communication pattern of the application is
first modeled as a complete weighted graph where the volume
of messages represent the edge weights. The physical topology
also similarly modeled by another complete weighted graph
with the edge weights coming from the memory hierarchy
shared among cores. Scotch is then used to map the com-
munication pattern graph onto the physical topology graph.
Rodrigues et al. [13] propose a similar approach where they
use Scotch for mapping the process topology graph onto the
physical topology graph. However, they use the communica-
tion speed (measured by a ping-pong benchmark) between
each pair of cores as the metric for assigning edge weights
in the physical topology graph.

Rashti et al. [2] use the HWLOC library [14] and Infini-
Band tools to extract the intra-node and network topologies
respectively. The results are merged to build an undirected
graph with edge weights representing the communication
performance among the cores based on the distance among
them. The mapping is then performed by the Scotch library.
Ito et al. [15] propose a similar mapping approach except
that they use the actual bandwidth among nodes measured at
the execution time to assign the edge weights in the physical
topology graph. The mapping itself is again done by the Scotch
library. Jeannot and Mercier [16], [17] also use HWLOC to
extract the physical topology of a single node, and represent it
as a tree. The so-called TreeMatch algorithm is then used for
mapping the process topology graph onto the physical topology
tree. Most recently, Jeannot et al. [18] have extended this work
by improving the complexity of the TreeMatch algorithm, and
applying it in a partially distributed way.

Hoefler and Snir [3] consider the mapping problem in its
general form for arbitrary process topologies and interconnec-
tion networks. They model the process topology by a directed
weighted graph G and use the volume of communication
to designate the edge weights. The target network is also
modeled by a directed weighted graph H with edge weights
representing the bandwidth of the channel connecting two
nodes. However, intra-node topology is considered to be flat.
Three heuristics have been proposed to map G onto H . In the
greedy one, the vertices with higher individual outgoing edge
weights are placed as close as possible to each other. The
second heuristic uses a graph partitioning library to perform
the mapping by recursive bi-partitioning of G and H into
two equal-sized halves with minimum edge-cut weights. The
third heuristic is based on graph similarity and models the
mapping problem in terms of a bandwidth reduction problem
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for sparse matrices. Considering adjacency matrices of the
graphs representing G and H , matrix bandwidth reduction
techniques are used to first bring the two matrices into a similar
shape and then find the final mapping. Average dilation and
maximum congestion are the two metrics used for assessing
the quality of mappings. Sudheer and Srinivasan [19] propose
three heuristics for mapping all of which use the hop-bytes
as the metric. The first heuristic uses Greedy Randomized
Adaptive Search Procedures (GRASP). This heuristic finds
the local optima among several random initial solutions and
chooses the one with lowest hop-bytes. The second heuristic is
a modified version of the greedy heuristic proposed by Hoefler
and Snir [3]. The third heuristic is a combination of GRASP
and a graph partitioning technique.

In [20], the authors use the Multi-Jagged (MJ) geometric
partitioning algorithm for task mapping with a focus on the
mesh/torus systems that allow non-contiguous allocation of
nodes. MJ partitions tasks and cores into a same number of
parts. Tasks and cores with the same part numbers are then
mapped onto each other. In [21], the authors propose PaCMap;
an algorithm to peform allocation and mapping simultaneously.
Pacmap first uses METIS [22] to partition the communication
graph for multicore nodes. Then, nodes are chosen by an
expansion algorithm which assigns a score value to the nodes
with respect to the number of free nodes close to them. Tasks
are mapped by iteratively finding the one with the highest
communication volume, and mapping it onto the node that
leads to the least hop-bytes value.

In [23], the authors propose RAHTM which uses a three-
phased approach for mapping. The first phase clusters tasks for
multicore nodes. The second phase uses mixed integer linear
programming (MILP) to hierarcically map the clusters onto a
series of 2-ary n-cubes. A greedy merge heuristic is used in
the third phase to combine subproblem mappings. RAHTM
uses maximum congestion as the metric, and also takes into
account the underlying routing in the second and third phases.
We exploit routing information in our proposed algorithms too.
However, RAHTM is more suited for mesh/torus topologies,
whereas we mainly target indirect fat-trees.

In [24], the authors propose a main greedy mapping heuris-
tic plus two other refinement algorithms. The greedy algorithm
as well as one of the refinement algorithms are designed to
minimize hop-bytes, whereas the second refinement algorithm
is designed to decrease congestion. The greedy heuristic iter-
atively chooses the process with the highest connectivity to
the set of mapped processes, and assigns it to the node that
results in the lowest value of hop-bytes. The corresponding
node is found by performing a BFS search on the physical
topology graph. The refinement algorithms attempt to decrease
hop-bytes or congestion by task swapping. Unlike [24], we do
not use any graph search algorithm in our greedy heuristic;
we find the desired target node by explicit evaluation of each
node. In addition, we use a hybrid metric rather than hop-
bytes. Moreover, we exploit parallelism in the design and
implementation of our algorithms.

IV. PARALLEL TOPOLOGY- AND ROUTING-AWARE
MAPPING

We distinguish our proposed algorithms with the existing
mapping algorithms from four main aspects. First, we use

a hybrid metric in our heuristic which is more capable of
distinguishing among various candidate mappings in terms of
their quality. Individual metrics such as hop-bytes or maximum
congestion could easily fail to differentiate two given mappings
that actually have different qualities. A previous study [25]
shows that hybrid metrics have a better correlation with
application execution time. However, hybrid metrics have not
yet been used in any mapping algorithms.

Second, we take into account the underlying routing al-
gorithm of the target system and the actual distribution of
routes across network links. This makes our mapping algo-
rithms routing-aware, allowing them to capture the impacts
of the underlying routing on the mapping. Exploiting routing
information also enables us to have a more realistic measure
of our mapping metric by keeping track of the load imposed
over individual links.

Third, in most of the existing mapping heuristics, the
quality metric is actually used for assessment purposes only.
In other words, the metric is not directly optimized within
the corresponding heuristic, and is rather used to measure the
quality once the mapping is figured out. On the contrary, we
attempt to optimize the metric directly at each step of our
proposed algorithms. In other words, our proposed heuristic
uses the actual values of the metric to decide where each given
process shall be mapped.

Fourth, we exploit the parallelism capabilities of the target
system in our algorithm designs. To the best of our knowledge,
this is the first attempt in proposing parallel algorithms for
topology-aware mapping. We believe parallelism is the key
for having truly scalable mapping algorithms for current and
future HPC systems.

A. Hybrid metric

Rather than using only hop-bytes or maximum congestion,
we take advantage of a hybrid metric in our core mapping
heuristic. The metric is a combination of four individual
metrics, each of which evaluate a given mapping from a
particular aspect. Specifically, it consists of the following four
individual metrics: 1) hop-bytes (HB), 2) maximum congestion
(MC), 3) non-zero congestion average (NZCA), and 4) non-
zero congestion variance (NZCV). In this work, we consider
a linear combination of these metrics to build up our hybrid
metric as

Hybrid Metric = HB +MC +NZCA+NZCV. (3)

The hop-bytes and maximum congestion components of
our hybrid metric are same as those defined in II. We define
non-zero congestion average as the average of traffic that
passes through each non-idle link in the network. Formally
speaking, non-zero congestion average for a given mapping is
equal to the total sum of the traffic across all links, divided by
the number of links that are actually utilized by the mapping. In
other words, it is the average of traffic among links with a non-
zero volume of traffic passing through them. Similarly, non-
zero congestion variance is defined as the variance of traffic
across the links with a non-zero load passing through them.

The main reason we use a hybrid metric is because
hop-bytes or maximum congestion alone is limited in terms
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of distinguishing among multiple candidate mappings. Hop-
bytes will always give a lower priority to a mapping that
causes traffic to go across multiple links. There are two main
shortcomings with such a behavior. First, it does not take
into account the fact that using more links (i.e., more hops)
could potentially result in a better link utilization and traffic
distribution. Better traffic distribution would in turn help to
have a lower maximum congestion on links. Second, hop-bytes
alone could not distinguish between two mappings that have
the same hop-bytes value, but at the same time are different
in terms of congestion.

On the other hand, using only maximum congestion will
have its own shortcomings. The main issue here is that several
mappings could all result in the same maximum congestion
at a given step of the mapping algorithm, while providing
essentially different potentials for mapping the rest of the
processes. Such cases could specially happen when mapping
a particular process on different nodes does not affect the
load on the link with maximum congestion, but results in
different traffic load on other links (or different hop-bytes
values). Deciding solely based on maximum congestion does
not allow us to distinguish among such mappings. Even with
an equal maximum congestion, we would still like to choose
the mapping that results in a relatively lower traffic load on the
set of all links as it would provide higher chances to decrease
maximum congestion in future steps of the mapping algorithm.

Accordingly, we use non-zero congestion average and
variance as a measure for the balancedness of traffic across
the links for a given mapping. There is a reason for why
we do not use an ordinary average across all links in the
network. An ordinary average will be equal to the total sum
of the traffic divided by the total number of links in the target
system. As the total number of links in the system is a fixed
number, an ordinary average would be only reflective of the
sum of the network traffic. Such a measure cannot tell us about
the link utilization and traffic distribution characteristics of
a given mapping. Non-zero congestion average on the other
hand provides an implicit measure of both the traffic sum, and
the degree of balancedness of the total traffic across the links.
Similarly, non-zero congestion variance would provide us with
additional information regarding the balancedness of traffic.

It is worth noting that one could use other combinations
of the above metrics to build the hybrid metric. The linear
combination used in this work is actually the simplest form in
which all the individual metrics have the same weight. Figuring
out the optimal combination of metrics is an interesting topic
for further research. For instance, a better approach would be to
assign a different weight to each individual metric with respect
to the corresponding impact of that metric on performance.

B. Impact of routing awareness

In a parallel system, the congestion imposed on the set
of network links is a function of both the topology and
the underlying routing algorithm. This is specially true for
InfiniBand where the underlying static routing can highly
affect congestion [5]. Therefore, in our mapping heuristic, we
take into account the routing information when we want to
calculate congestion on each network link. This way, we would
have a more realistic congestion model throughout all steps

of our mapping algorithm. In the following, we use a simple
example to clarify how routing awareness can make difference
in process mapping.

Consider a target system with the topology shown in Fig.
1(a). The system consists of 4 nodes n1, n2, n3, n4, each
having 2 cores. We would like to map 8 processes with the
topology shown in Fig. 1(b) onto this system. The edge weights
in Fig. 1(b) represent the communication volumes. For the sake
of simplicity, we consider equal weights for all edges. The
underlying routing of the system has been partially shown by
the labels (n1 to n4) assigned to the four top links in Fig.
1(a). We only represent the routes in one way (i.e., bottom-
up) as it suffices for the purpose of this example. The link
labels represent the destination nodes associated to each link.

We start the mapping by assigning rank 0 to one of the
cores (could be any of the cores). Having mapped four other
processes, the mapping will be as shown in Fig. 2(a). The link
labels in this figure represent the corresponding congestion
values. For the sake of brevity, we represent the congestion
values of all links in one direction only (i.e., bottom-up
direction in the tree). Up to this point, routing awareness does
not play any role and hence, the result would be the same for
a routing-ignorant approach as well. However, when it comes
to the next process (i.e., rank 5), we can see the impact of
routing awareness.

Rank 5 can be assigned to a core on either n3 or n4. Fig.
2(b) and 2(c) show the final mapping and the corresponding
link congestions with respect to each of such assignments.
It can be seen that mapping rank 5 to a core on n4 (Fig.
2(c)) will lead to a lower maximum congestion across the
links. By exploiting the routing information, a routing-aware
approach will choose the mapping shown in Fig. 2(c), whereas
a routing-ignorant approach cannot distinguish between the
two mappings.

The above scenario is an example for how process mapping
can potentially benefit from routing awareness. Of course this
is just a very simple example on a very small system. As
the system scales and the number of nodes and switches
increase, the topology becomes more complex, and the impacts
of routing awareness on congestion will also increase.

C. Mapping procedure

Fig. 3 shows a high-level abstraction of the framework
that we use to perform the mapping. It should be noted that
a similar framework has been used in other topology-aware
mapping studies as well [3], and that we are not claiming it
as our contribution in this work; we use it as the base for our
mapping approach. Our contribution is the particular greedy
heuristic and refinement algorithm, as well as the addition of
routing information into it.

There exist three main steps in the framework shown in Fig.
3: 1) an initial partitioning of the application communication
pattern, 2) an intermediate mapping of processes using a
parallel mapping heuristic, and 3) a final mapping refinement.
In the following, we explain the details of each step.

1) Initial partitioning: The mapping procedure starts with
first converting the application communication pattern to a
nodal communication pattern. The application communication
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Fig. 1: A small sample target system topology and process communication pattern graph.
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Fig. 2: Different mappings of processes leading to different values of maximum congestion across the links.
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Fig. 3: Mapping framework: Various steps and components.

pattern represents the total volume of messages transferred
between each of the individual processes in terms of a di-
rected weighted graph. We assume that the communication
pattern has already been extracted in a profiling stage with
the corresponding results saved into a file. We have actually
developed a profiler that captures the communication pattern
of an application at the device layer of an MPI library. Such
a profiling is done once for each application. Alternatively,
the programmer can also directly provide the communication
pattern through MPI process topologies.

Using a graph partitioning algorithm, we first partition the
process topology graph into a number of partitions equal to
the number of compute nodes in the target system Each node
in the resulting graph will encapsulate a number of processes

equal to the number of cores of each compute node. Thus, the
resulting graph will be representative of the communication
pattern among a set of super processes, each of which should
be mapped onto a single compute node.

The partitioning can be done by any graph partitioning
algorithm. There exist a number of well-known libraries such
as SCOTCH [12] and METIS [22] for graph partitioning. In
this work, we will use the SCOTCH library to perform the
initial partitioning of the application communication pattern
graph. It is worth noting that hereinafter, we use the term
‘process’ (or process topology graph) to refer to a super-
process in the nodal communication pattern graph.

We use the initial partitioning stage to address multicore
nodes, as in this work we are mainly concerned about map-
ping at the network layer. Initial partitioning will potentially
put heavily communicating processes in one partition. By
collectively mapping all the processes in a partition onto a
same node, we take advantage of shared-memory channels
for communications among such processes. However, our
proposed algorithms can also be used directly across all cores.

2) Mapping heuristic: A parallel mapping heuristic lies at
the core of our mapping procedure. Alg. 1 shows the various
steps involved in our proposed heuristic. The heuristic takes
the communication pattern matrix, the routing information, and
the network topology as input, and provides a mapping from
the set of processes to the set of nodes as the output.

Alg. 1 is parallel in nature, and is run by one leader
process on each node. Let PM and P cM denote the set of
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Algorithm 1: PTRAM: Parallel topology- and routing-
aware mapping: the core heuristic

Input : Set of all processes P , set of all nodes N , communication
pattern matrix CP , routing information, links layout

Output: The mapping τ : P → N
1 PM ← Φ ; // The set of mapped processes
2 while P c

M 6= Φ do
; // There are more processes to map

3 α = 1
|PM |+1

;
4 for q ∈ P c

M do
5 δ =

∑
r∈PM

(CPqr + CPrq) + α
∑

s∈Pc
M

(CPqs + CPsq);

6 end
7 pnext ← qmax ; // Choose the process with

maximum value of δ as the next process to map
8 Temporarily assign p onto self node ;
9 Calculate link congestions using routing information;

10 Find the hybrid metric value according to eq. (3) ;
11 Gather the metric value from all other node-leaders;
12 n = node with the lowest value of metric;
13 τ(p) = n ; // Map p onto n
14 Update link congestions accordingly;
15 PM ← p ; // Add p to the set of mapped

processes
16 end

mapped and unmapped processes respectively. The main loop
in line 2 is run until all processes are mapped onto a target
node. Within each iteration, first a new process is chosen
as the next process (i.e., pnext) to map. A smart choice of
such a process is very important in terms of the quality of
the resulting mapping, especially as the heuristic is greedy
in nature and does not involve any backtracking mechanism;
When a process is mapped onto a node at a given iteration of
the heuristic, its mapping will remain fixed in the following
iterations of the heuristic. Accordingly, we choose pnext with
respect to a metric denoted by δ in line 5 of Alg. 1. For
each process such as q, the first summation in line 5 gives
the total communication volume of q with all its already-
mapped neighbors. The second summation represents the total
communication volume with the unmapped neighbors. The
process with the maximum value of δ is chosen as the next
process for mapping at each iteration.

The parameter 0 < α ≤ 1 is used to assign a relative
(lower) weight to communications with unmapped neighbors
in comparison to communications with mapped neighbors. The
value of α is updated at every iteration (line 3) with respect to
the number of mapped processes. Initially, α starts at 1 and de-
creases at each iteration as more processes are mapped. We use
such an α value because the amount of communication with the
set of unmapped neighbors is relatively more important at the
initial steps of the algorithm as most of the neighbors of a given
process have not yet been mapped. However, as more processes
are mapped, we want to give a relatively higher weight to
the communications with the set of mapped neighbors when
choosing the next process for mapping.

The next major step in Alg. 1 is finding a target node for
pnext. Target nodes are chosen based on the hybrid metric
defined in eq. (3). At each iteration, we seek to map pnext
onto the node that results in the lowest value of the hybrid
metric. Thus, we explicitly measure the value of the metric
at each iteration of the algorithm, and choose the target node

accordingly. This is where we take advantage of parallelism
in our heuristic. The leader process on each node1 such as
n is responsible for calculating the metric value resulting
from mapping pnext onto n. This is done in lines 8 to 10
of Alg. 1. Next, all leader processes communicate with each
other to gather the metric values corresponding to all nodes.
Specifically, we use MPI Allgather to accomplish this step.
Having gathered the metric values from all nodes, the target
node for pnext is set to be the node with the lowest value
of the hybrid metric. In case of having multiple such nodes,
we simply choose the one with the lowest leader ID. Finally,
before going to the next iteration, each leader process updates
its own local copy of link congestions with respect to the newly
mapped process.

Choosing the target node as explained above has two main
advantages. First, it allows us to explicitly evaluate each node
when it comes to choosing a target node. Second, by engaging
all nodes, we increase the quality of target node choices,
and at the same time keep the corresponding costs bounded.
Such a parallel approach would also significantly improve the
scalability of our heuristic. Using one leader process on each
node enables our heuristic to scale its search capability in
accordance to increase in system size.

It is also worth noting that the routing information is fed to
the algorithm from a file. The routing file consists of N2 lines
where N denotes the number of end nodes in the system. Each
line corresponds to the route that connects a pair of nodes. This
file is created only once for each system and is saved on the
disk for future references. For InfiniBand, we have developed
a simple script that uses the ibtracert tool to extract the
routes in terms of the switches and the ports connecting each
pair of nodes. Initially, each leader process loads the routing
information to its memory. Since each leader process is only
responsible for evaluating its own node n, it will only need to
load a portion of the routing file into the memory; that is, the
route from n to every other node, and the route from every
other node to n. The advantage is a significant reduction in
memory requirement (i.e., from an unscalable order of N2 to
a linear order of N ).

3) Refinement algorithm: A shortcoming of the greedy
heuristic is its lack of a backtracking mechanism; the heuristic
is greedy in nature, and thus optimizing the metric at each
stage does not necessarily guarantee optimality at the end.
Therefore, we might still be able to tune the mapping further in
a final refinement step. Accordingly, we propose a refinement
algorithm as outlined by Alg. 2. At the refinement stage, our
main goal is to specifically decrease maximum congestion on
links by swapping particular processes.

Alg. 2 is run in parallel by one leader process on each node.
At the beginning of the algorithm, all the leader processes
have a copy of the mapping output from Alg. 1 in terms of
an array. For a given node such as n, let p denote the process
assigned to n based on the mapping array. In Alg. 2, the leader
process on node n checks to see whether swapping p with other
processes can decrease maximum congestion. To this end, we
first find link l with maximum congestion (line 4), and see
whether p communicates with any other process (q) across a
route involving l (line 5). If so, we check whether swapping p

1In fact, this is done only by non-occupied nodes.
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Algorithm 2: PTRAM: The refinement algorithm
Input : Set of all nodes N , communication pattern matrix CP ,

routing information, links layout
Output: The refined mapping τ : P → N

1 n =self node;
2 p = process assigned to n;
3 maxCong = findMaxCong() ; // Find the current value
of maximum congestion

4 l = findMaxLink() ; // Find link with maximum
congestion

5 for q where CP [p][q] 6= 0 and l ∈ L(p, q, τ) do
6 M = list of k closest nodes to n;
7 for m ∈M do
8 r =process mapped to m;
9 Temporarily swap p with r;

10 newMaxCong = findMaxCong() ; // Find the new
value of maximum congestion

11 if newMaxCong < maxCong then
12 maxCong = newMaxCong;
13 Save p and r;
14 end
15 end
16 end
17 Gather maxCong and the associated swappings from all leaders;
18 Find the lowest value of maxCong;
19 Enforce the corresponding swapping;
20 Update link congestions accordingly;

with any of the processes on a node close to n will result in a
lower maximum congestion. Among all the nodes, only the k
nearest ones to n are considered2. Thus, each individual leader
performs only a local search that is limited to a few number
of its neighbor nodes. This will help to significantly reduce
the high costs that are typically associated with refinement
algorithms. At the same, since every leader process performs
such a local search simultaneously, the algorithm will still
explore a vast portion of all possible swappings.

Among all local swappings, each leader process saves
(temporarily) the swapping that leads to the highest reduction
in maximum congestion. Next, all the leader processes com-
municate with each other to collectively find the swapping
that results in a globally (across all leaders) lowest maximum
congestion. The corresponding swapping is enforced by all the
leaders, and the congestion information is updated accordingly.
Note that Alg. 2 can be repeated multiple times to decrease
congestion iteratively. In our experiments, the algorithm runs
until there is no congestion reduction between two consecutive
iterations, or it reaches 10 iterations (whichever happens ear-
lier). This is used as a mechanism to avoid unbounded number
of refinement iterations.

V. EXPERIMENTAL RESULTS

We carry out all the experiments on the GPC cluster at the
SciNet HPC Consortium [26]. GPC consists of 3780 nodes
with a total of 30240 cores. Each node has two quad-core
Intel Xeon sockets operating at 2.53GHz, with a total of
16GB memory. Approximately one quarter of the cluster is
connected with non-blocking DDR InfiniBand while the rest
of the nodes are connected with 5:1 blocked QDR InfiniBand.
For our experiments, we only use the nodes with QDR Infini-
Band. These nodes are interconnected via Mellanox ConnectX
40Gb/s InfiniBand adapters. The network topology is a fat-tree

2we use a value of k = 7 in our experiments

consisting of two 324-port core switches and 103 36-port leaf
switches. Fig. 4 shows the corresponding details. The numbers
on the links represent the number of links that connect two
switches. In particular, each leaf switch is connected to 30
compute nodes, and has 3 uplinks to each of the two core
switches. Each core switch itself is in fact a 2-layer fat-tree
consisting of 18 line and 9 spine switches (all 36-port). Each
line switch is connected to 6 leaf switches, and also has 2
uplinks to each of the 9 spine switches. Finally, the nodes run
Centos 6.4 along with Mellanox OFED-1.5.3-3.0.0, and we
use MVAPICH2-2.0, and Scotch-6.0.0.

We use 3 micro-benchmarks as well as a real application to
evaluate the performance of our proposed mapping approach.
In addition, we also compare our proposed heuristics against
those proposed and implemented by Hoefler and Snir in
LibTopoMap [3]. In particular, LibTopoMap provides 4 map-
ping algorithms: 1) a general greedy heuristic, 2) an algorithm
based on recursive graph bi-partitioning that uses METIS
(Rec), 3) an algorithm based on matrix bandwidth reduction
that uses the Reverse Cuthill McKee algorithm (RCM), and
4) the graph mapping functionality provided by the Scotch
library. In all cases, LibTopoMap first uses ParMETIS [27]
graph partitioner to handle multicore nodes.

We have integrated all the heuristics into MPI dis-
tributed graph topology function to enforce particular map-
pings through rank reordering. The results report the improve-
ments achieved over a block in-order mapping of processes,
where adjacent ranks are mapped onto the same node as far
as possible before moving to any other node. Note that in all
the figures, PTRAM refers to our proposal mapping package.

A. Micro-benchmark results

For our micro-benchmark evaluations, we use three micro-
benchmarks that mimic the communication patterns seen in
many parallel applications. The first micro-benchmark models
a 2D 5-point halo exchange. In this micro-benchmark, the
MPI processes are organized into a virtual 2-dimensional
grid, and each process communicates with its two immediate
neighbors along each dimension. The second micro-benchmark
models a 3D 15-point halo exchange in which MPI processes
are arranged into a virtual 3-dimensional grid. Each process
communicates with its two immediate neighbors along each
dimension (6 neighbors), as well as 8 corner processes. The
third micro-benchmark models an all-to-all communication
over sub-communicators. The processes are arranged into a
logical 2-dimensional grid with each column representing a
separate sub-communicator. We then perform an MPI Alltoall
within each sub-communicator.

1) Metric values: Fig. 5 shows the resulting metric values
for 4096 processes. The numbers show the normalized values
over the default mapping. As shown, for all three bench-
marks, PTRAM can successfully decrease the value of all
four metrics. Moreover, it outperforms the heuristics provided
by LibTopoMap. For the 2D 5-point micro-benchmark in
particular, we can see more than 60% reduction in the value of
all four metrics in Fig. 5(a). The highest reduction is seen for
congestion average which is about 73%. Maximum congestion
is also decreased by 68%. At the same time, we see that
Libtopomap has led to an increase in the metric values. The
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Fig. 4: Network topology of the GPC cluster at SciNet.
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Fig. 5: The resulting metric values for 3 micro-benchmarks and various mapping algorithms with 4096 processes.
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Fig. 6: Maximum congestion improvement details with respect to the initial graph partitioning stage for 4096 processes.

highest increase is seen for the hop-bytes and congestion vari-
ance metrics. PTRAM outperforms LibTopoMap for multiple
reasons. First, PTRAM explicitly evaluates all potential nodes
for mapping a process at each step. Second, it considers a
hybrid metric and takes multiple criteria into account. Third, it
takes into account the routing information as well as the precise
layout of network links which would allow the algorithm to
have a more realistic evaluation of the metrics. The greedy
algorithm in LibTopoMap considers congestion in terms of
a weighted shortest path routing algorithm which does not
necessarily match the system’s actual routing. The three other
algorithms are all distance-based only. For the 3D 15-point
micro-benchmark (Fig. 5(b)), the improvements are relatively
lower. However, we can still see 50% reduction in maximum
congestion for PTRAM. We can also see that PTRAM would
still outperform LibTopoMap by a factor of 2 (at least).

We are also interested to evaluate the performance of each
heuristic with respect to the initial partitioning stage. Recall
that in both PTRAM and LibTopoMap, there are two major

stages. First, a graph partitioner library is used to cluster
multiple individual processes into a single group (we use
Scotch for PTRAM, and LibTopoMap uses ParMetis). Second,
the heuristics are used to collectively map each group of
processes onto a particular node in the system. Thus, in Fig.
6, we show how the improvements reported in Fig. 5 are
broken down across these two stages. ‘initPart’ shows the
results corresponding to a simple in-order node-mapping of
process clusters returned by the initial graph partitioning stage.
‘heuristic’ represents the results for each particular heuristic.
Due to lack of space, we only show these results for the
maximum congestion metric. The trend is almost the same
for other metrics as well.

Fig. 6(a) shows that for the 2D 5-point micro-benchmark
and PTRAM, the initial partitioning reduces maximum conges-
tion to about 0.45. PTRAM then decreases maximum conges-
tion further to about 0.3; i.e., we can achieve an additional 14%
reduction in the initial maximum congestion by using PTRAM.
We can also see that the initial partitioning provides a similar
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Fig. 7: Communication time improvements over the default mapping for 3 micro-benchmarks with 4096 processes.

performance in both PTRAM and LibTopoMap. However, we
see that the mapping result from LibTopoMap heuristics cause
an increase in the final maximum congestion. In other words,
an in-order node-mapping of process partitions returned by
ParMetis in LibTopomap would result in a lower maximum
congestion than those returned by the heuristics. A similar
trend is seen for the 3D 15-point micro-benchmark in Fig. 6(b).
One difference is the lower maximum congestion achieved
by ‘initPart’ in LibTopoMap than PTRAM. This implies that
ParMetis has done a better job than Scotch for the initial
partitioning. Despite this, PTRAM has still outperformed the
other 4 heuristics by providing 21% improvement on top of
the initial partitioning stage. Thus, we see a higher share of
improvement coming from PTRAM (21%) compared to the
case for 2D 5-point micro-benchmark (14%).

For sub-communicator all-to-all shown in Fig. 6(c), the
most notable difference is that almost all the improvement
comes directly from PTRAM. We can see that ‘initPart’ has
almost no impact on maximum congestion, whereas PTRAM
successfully provides 50% improvement. This is an important
observation as it shows that an appropriate node-mapping of
processes can still significantly decrease maximum congestion
on top of an initial muticore partitioning. In addition, we
see that LibTopoMap heuristics have also reduced maximum
congestion on top of the initial partitioning stage. Again, we
see better ‘initPart’ results for LibTopoMap than PTRAM.

2) Communication time: Fig. 7 presents the communica-
tion time results for each micro-benchmark. The results show
the average of 500 communication iterations. We report the
improvement percentage over the default mapping. As shown
in Fig. 7(a), PTRAM can decrease the communication time of
the 2D 5-point micro-benchmark by up to 50% for messages
below 4KB. For message above 4KB, we see an almost steady
improvement of about 25%. However, we see that LibTopoMap
mappings have led to an increase in communication time.
This is expected and is in accordance with the results we
saw in Fig. 5 for the metric values. As the mapping result
from LibTopoMap increases both hop-bytes and maximum
congestion, the communication time is highly expected to
increase. On the other hand, we see that PTRAM’s successful
attempt in decreasing the metric values has actually been
reflected in terms of lower communication times. A similar
trend is seen for the 3D 15-point micro-benchmark above 1KB
message sizes (Fig. 7(b)). However, despite its negative impact
on the metrics, LibTopoMap has improved performance by up

to 50% for messages below 1KB. We are not sure the root
cause of this, and need to investigate it further.

For the sub-communicator all-to-all micro-benchmark
shown in Fig. 7(c), we see improvement with both PTRAM
and LibTopoMap across all message sizes. For messages
below 4KB, the improvements are lower and almost the
same for all heuristics. However, PTRAM starts to outperform
LibTopoMap for larger messages, and provides up to 50%
improvement versus about 30% provided by LibTopoMap.
This is again in accordance with the metric results shown
in Fig. 5(c), where we see improvement in all metric values
for all heuristics. However, higher improvements achieved by
PTRAM result in higher improvements in communication time
for messages above 4KB. In general, we see a good correlation
between the results for communication time improvements in
Fig. 7 and those shown for the metrics in Fig. 5.

3) Mapping time: Fig. 8(a) shows the total mapping time
for each of the micro-benchmarks with 4096 processes. The
mapping time is almost the same for all four heuristics
provided by LibTopoMap. Therefore, here we only report the
time corresponding to one of them (i.e., the greedy heuristic).
As shown by the figure, PTRAM imposes a much lower
overhead in comparison to LibTopoMap for all three micro-
benchmarks. This is mainly owed to the underlying parallel
design of our heuristics that allows for fast (and yet high-
quality) mappings. In particular, PTRAM spends 2.3 and 5
seconds to derive the mapping for the 2D 5-point and 3D
15-point micro-benchmarks respectively. This increases to 38
seconds for the sub-communicator all-to-all micro-benchmark.
The reason is that in the all-to-all micro-benchmark, each
process communicates with a relatively higher number of
other processes. Therefore, the corresponding communication
pattern matrix will be denser which in turn adds to the amount
of computation performed by each node-leader. The same
behavior is seen for LibTopoMap as well. It is worth noting
that in practice, mapping costs are incurred only once for each
application. Mapping results are saved, and reused later on for
subsequent runs of an application.

Finally, in Fig. 8(b) and 8(c) we report the mapping time
with three different number of processes for the 2D 5-point
and all-to-all micro-benchmarks. 3D 15-point has similar result
to 2D 5-point, and hence we do not repeat it here. We see
that for both micro-benchmarks, PTRAM achieves a lower
mapping time than LibTopoMap with 1024, 2048, and 4096
processes. Also, by comparing the two figures, we see a better
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Fig. 8: Mapping time overheads and scalability for PTRAM and LibTopoMap with various micro-benchmarks.

scalability for PTRAM and the 2D 5-point micro-benchmark
than the all-to-all one. This is again rooted in the difference
between the two micro-benchmarks in terms of the sparsity
of their corresponding communication patterns. With the all-
to-all pattern, the increase in the number of processes also
increases the number of neighbors for each process, adding
extra computation load to node-leaders. With the 2D 5-point
pattern however, the number of neighbors do not increase and
remains fixed (4 neighbors).

B. Application results

In this section, we evaluate our proposed mapping approach
in the context of a real parallel application. To this end,
we use Gadget [28] which is an applications for various
cosmological N-body simulations, ranging from colliding and
merging galaxies, to the formation of large-scale structure
in the Universe. In particular, we use the version 3 of the
application that can be attained from [29]. We run Gadget
with 4096 processes, and report the corresponding results.

Fig. 9(a) shows the normalized metric values for varius
heuristics. It is shown that PTRAM can decrease the metric
values to about 0.3 of the default mapping. LibTopoMap
heuristics do not have much of an impact on hop-bytes,
congestion average, and congestion variance. However, 3 of
the heuristics lead to an increase in maximum congestion, and
RCM leaves it almost intact.

Fig. 9(b) compares the communication time of the appli-
cation for vaiour mappings. We can see that PTRAM provides
10 seconds reduction in communication time of the application
compared to the default mapping. It also outperforms the
other heuristics. With the greedy heuristic, the communication
time is almost the same as the default mapping, whereas
recursive (Rec), RCM, and Scotch have slightly increased the
communication time. Finally, Fig. 9(c) shows the overhead
corresponding to each mapping approach. Again, we see that
PTRAM provides a significantly lower overhead. PTRAM
spends 317 seconds to find the desired mapping, whereas this
is close to 4,000 seconds for LibTopoMap.

VI. CONCLUSION AND FUTURE WORK

In this work we proposed two algorithms for topology-
aware process mapping in HPC systems. The algorithms take
advantage of a parallel design to expand the mapping search
space, and at the same time attain scalability. In addition,

the algorithms exploit the underlying routing information of
the system for a more realistic congestion model. Also, we
use a hybrid metric that allows for a more comprehensive
evaluation of candidate mappings. The experimental results
suggest that our proposed approach can successfully decrease
various metric values, as well as the communication time itself.

As for future directions, we first intend to study more so-
phisticated combinations of the individual metrics for building
the hybrid metric. Further analytical and experimental studies
could help to find an optimal combination for the hybrid met-
ric. Moreover, we intend to improve the scalability of commu-
nications among node-leaders by making such communications
hierarchical. Node-leaders could be clustered into multiple
disjoint groups. All members within a group communicate with
each other, whereas inter-group communications are limited
to group-leaders only. Next, we would like to improve our
heuristics further by parallelizing the computations performed
by each node-leader across all the cores within each node.
We also seek to extend our approach to cover the mapping
at the intra-node layer too. Extending our approach towards
systems with adaptive routing is another direction for future
research. We could use an approximation of an adaptive routing
to represent the routing information. For instance, we could
consider the default shortest paths used by an adaptive routing
algorithm. In this case, PTRAM would attempt to map the
processes so that congestion on the default shortest paths
is minimized. This could potentially decrease the need for
using alternative paths (that might not be optimal) by the
adaptive routing. Finally, we are also interested in conducting
experiments at larger scales.
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