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Abstract—Over the last decade, InfiniBand has become an
increasingly popular interconnect for deploying modern super-
computing systems. However, there exists no detection service
that can discover the underlying network topology in a scalable
manner and expose this information to runtime libraries and
users of the high performance computing systems in a convenient
way. In this paper, we design a novel and scalable method
to detect the InfiniBand network topology by using Neighbor-
Joining techniques (NJ). To the best of our knowledge, this is
the first instance where the neighbor joining algorithm has been
applied to solve the problem of detecting InfiniBand network
topology. We also design a network-topology-aware MPI library
that takes advantage of the network topology service. The library
places processes taking part in the MPI job in a network-
topology-aware manner with the dual aim of increasing intra-
node communication and reducing the long distance inter-node
communication across the InfiniBand fabric.

I. INTRODUCTION AND MOTIVATION

Across scientific domains, application scientists are con-
stantly looking to push the performance envelope by running
increasingly larger jobs on supercomputing systems. Super-
computing systems are currently comprised of thousands of
compute nodes based on modern multi-core architectures.
Interconnection networks have also rapidly evolved to offer
low latencies and high bandwidths to meet the communi-
cation requirements of parallel applications. InfiniBand has
emerged as a popular high performance network interconnect
and is being used increasingly to deploy some of the top
supercomputing installations around the world. Large scale
supercomputing systems are organized as racks of compute
nodes and use complex network architectures ranging from
fat-trees to tori. The interconnect fabric is typically comprised
of leaf switches and many levels of spine switches. Each
traversal (hop) of a switch between two end points increases
the message latency, and Table I shows the impact of alternate
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hop counts on the MPI communication latency as measured
on the TACC Ranger system under quiescent conditions. Even
under such ideal conditions, we observe that the latencies
of the 5-hop inter-node exchanges are almost 81% higher
than that of intra-rack exchanges. However, supercomputing
systems typically have several hundreds of jobs running in
parallel and it is common for the network to be congested,
further affecting the communication latency. In this context,
it is extremely critical to design communication libraries in a
network-topology-aware manner.

TABLE I
MPI COMMUNICATION PERFORMANCE ACROSS VARYING LEVELS OF

SWITCH TOPOLOGY ON TACC RANGER (COURTESY [1])

Process Location Number of Hops MPI Latency (us)
Intra-Rack 1 Hop in Leaf Switch 1.57
Inter-Rack 3 Hops Across Spine Switch 2.45

5 Hops Across Spine Switch 2.85

The problem of efficiently detecting the network topology
and leveraging this information to improve the performance of
communication libraries is an active area of research. Hoefler
et al. proposed a distributed graph interface to detect the topol-
ogy of large scale InfiniBand networks and also studied the
impact of network contention in large scale supercomputing
systems [2]. Rashti et al. also proposed mechanisms to detect
the InfiniBand network topology [3]. Previously, we proposed
a network topology discovery service [4], which can be used
by the MPI library to dynamically query the InfiniBand net-
work’s topology to form a topology model of the network and
explored the benefits of designing topology-aware collective
algorithms. However, some of the existing approaches have a
time and space complexity of O(N2

hosts) [3, 4] while others
require administrative privileges to get the InfiniBand topology
information which normal users of a supercomputing system
will not have [2]. As supercomputing systems are aiming to
scale to millions of processes, such techniques impose serious
scalability and usability issues. These issues lead us to the
following broad challenges:

1) Can we design a highly scalable network topology
detection service for InfiniBand network?

2) How do we design the MPI communication library in a
network-topology-aware manner to efficiently leverage
the topology information generated by our service?

3) What are the potential benefits of using a network-



topology-aware MPI library on the performance of par-
allel scientific applications?

In this paper, we propose novel, scalable designs to ex-
pose dynamic routing and topology information of InfiniBand
networks efficiently via a user accessible client/server design
and Neighbor-Joining techniques (NJ) [5]. We propose design
changes to the MPI communication library that leverages this
information to improve communication performance. Experi-
mental results show that the new neighbor joining algorithm
is able to significantly reduce the network topology discovery
time. We also speed up the compute intensive phases of
the algorithm using OpenMP constructs, achieving parallel
efficiencies of about 85%. Micro-benchmark level evaluations
show that the proposed network-topology-aware MPI library
can improve the latency for all message sizes by up to 40%.
With MILC [6], we see up to 6% improvement in total
execution time on LLNL’s Hyperion system at 1,024 cores and
up to 15% improvement on TACC’s Ranger system at 2,048
cores. On Hyperion, we were able to increase the percentage of
communication which is intra-node from 29.04% to 43.52%.
On Ranger, the percentage of communication occurring intra-
node goes up from 43.51% to 57.95%. In both cases, we
have also uniformly reduced the number of 7, 5, 3 and 1
hop exchanges. We also see up to a 15% improvement in
the runtime of the Hypre [7] linear system solver at 1,024
processes on Hyperion.

II. DRIVING EXAMPLE

We employ a simple case-study to clearly motivate the need
for network-topology-aware process mapping to improve the
communication overheads in a 3D stencil (nearest-neighbor)
code. In our example, each process communicates with 6
nearest neighbors, across three dimensions. Figure 1 presents
the network topology of a 4 node allocation on the Hyperion
cluster. Figure 2(a) shows the default process-to-node mapping
of a 32 process MPI job (2x4x4 grid). This figure also
denotes the number of switch hops incurred between the
communicating processes. For example, communicating peers
that are within the same leaf switch will incur 1 hop, whereas
those that are mapped across different switches may incur
3 hops. Since the 3 hop latencies are higher than the intra-
switch operations, improving the process placement pattern
to lower the 3-hop exchanges could potentially improve the
communication overheads.

Leaf Switch Leaf Switch

Level 1 Spine Switch

Leaf Switch

Fig. 1. Sample network hierarchy

In Figures 2(b) and 2(c), we show that it is possible to
manually control the process mapping pattern to achieve this

objective. In Figure 2(b), we show that we can increase
the amount of intra-node communication by mapping 2x2x2
process sub-grids within a node. In Figure 2(c), we show that
this can be further improved by leveraging network topology
information. Table II shows the split up of the communication
exchanges based on the number of network hops. In the default
case, our example required as many as 48 3-hop exchanges.
We could improve this to 32 3-hop transfers by considering
the intra-node communication patterns. Further, we could
lower this to 24 3-hop transfers, by mapping the processes
in a network-topology-aware manner. In Figures 3(a), 3(b)
and 3(c), we graphically compare the number of intra-node,
1-hop and 3-hop transfers across the three process placement
patterns. We can observe that the number of 3-hop transfers
are much lower in Figures 3(b) and 3(c), when compared to the
default case. We also see that we have fewer 3-hop transfers
and more 1-hop transfers in Figure 3(c), when compared to
Figure 3(b). Although it is possible to manually map the
processes in a network-topology-aware manner for such small
cases, it becomes prohibitively complicated as we go to larger
scale real-world application runs. However the benefits from
such re-organization also increase as we scale to thousands of
nodes. This strongly motivates the need for a scalable topology
service that can support a network-topology-aware MPI library
and can be used by applications in a portable fashion.

TABLE II
SPLIT OF MESSAGES BASED ON NUMBER OF HOPS

Default Optimized for Optimized for
intra-node intra-node and inter-node

Figure 2(a) Figure 2(b) Figure 2(c)
Intra-node 80 96 96

1 Hop 0 0 8
3 Hops 48 32 24

III. BACKGROUND
A. Network Architectures

Large scale supercomputers such as Ranger at TACC and
Hyperion at LLNL have thousands of compute nodes. These
nodes are organized across different racks, with each rack con-
sisting of many compute nodes. The network fabric may also
be hierarchical with many levels of leaf and spine switches.
While we focus on tree-based topologies in this paper, we
believe these ideas are also directly applicable to other types
of networks, such as the 3-D Torus [8] and 5-D torus found
in IBM BlueGene architectures.

B. InfiniBand Network Topology Detection Service

InfiniBand is a very popular switched interconnect standard
being used by 41.8% of the Top500 Supercomputing sys-
tems [9]. InfiniBand network topology data is not available in
a mode easily used by other programs. The physical connec-
tions between entities in the fabric are discoverable with the
ibnetdiscover utility from the OFED distribution [10].
The logical routing data is available by querying each switch in
turn and dumping its Linear Forwarding Table (LFT) with the
ibroute utility from OFED. We leverage the basic topology
detection service proposed in [4], but have since extended
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Fig. 2. Communication pattern with various manually created process to host mappings

(a) Default process-to-node mapping used by super-
computers
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Fig. 3. Split-up of physical communication in terms of number of hops with various manually created process to host mappings

the method to query routing information directly within the
OpenSM subnet manager using a plugin interface.

C. Neighbor Joining
The neighbor-joining method (NJ) of Saitou and Nei [5]

is a technique in computational biology for constructing phy-
logenetic trees which represent the evolutionary relationships
among biological species based on similarities and differences
in their characteristics. The authors’ exposure to these tech-
niques inspired the use of agglomerative minimum-distance
complete-linkage hierarchical clustering in this work [11].
These algorithms generate binary trees from weighted com-
plete graphs to identify closely-connected or closely-related
regions. The algorithm starts with a weighted complete graph
and an associated symmetric distance matrix giving the dis-
tance (the edge weights) between all pairs of nodes. At each
step of the process, an auxiliary symmetric matrix is computed
from the distance matrix, and then this matrix is searched for
its smallest entry. The pair of nodes corresponding to this entry
are “joined” by removing them from the graph and matrices
and replacing them by a single new entry. New distances and
auxiliary values are computed between the new node and the
remaining nodes. The process repeats until only one node
remains in the graph. The binary tree is then constructed by
connecting all joined nodes to the new node they create.

D. Graph Partitioning Software
Jostle [12] and ParMETIS [13] are parallel multilevel

graph-partitioning software packages which efficiently parti-
tion graphs containing millions of nodes. Jostle was developed

by Dr. Walshaw et al. at the University of Greenwich and
ParMETIS by Dr. Karypis, et. al of the University of Min-
nesota.

E. Applications
a) MILC: is a set of parallel numerical simulations

developed by the MIMD Lattice Computation [6] collaboration
for studying quantum chromodynamics (QCD). Codes from
the MILC set are commonly used for benchmarking [14–16].
We use the ks imp dyn code from MILC which employs
the conjugate gradient (CG) method on a 4D lattice. Com-
munication is primarily nearest neighbor point-to-point and
Allreduce as described in [17]. The influence of the layout on
the communication performance is discussed in [18].

b) Hypre: is an open-source, high performance and scal-
able package of parallel linear solvers and preconditioners [7].
The solvers in Hypre are robust, numerically stable and
scalable [19] and it may also be used as a framework for
algorithm development.

c) AWP-ODC: is a community model used by re-
searchers at the Southern California Earthquake Center
(SCEC) for wave propagation simulations, dynamic fault
rupture studies, physics-based seismic hazard analysis and
improvement of the structural models [20]. It is a Fortran MPI
code with a 3D nearest-neighbor communication pattern.

IV. DESIGN

The overall design of our framework is presented in Fig-
ure 4. It consists of two major design components: (a) a topol-
ogy query service and neighbor joining based representation

3



of IB networks and (b) a network-topology-aware MPI library.
We will go into the details of each in the following sections.

MPI Library

High Performance InfiniBand Network
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Fig. 4. Overall framework

A. Design of NJ based representation of IB networks

In [4], we proposed a network topology discovery service
which can be used by the MPI library to dynamically query
the InfiniBand network’s topology and form a cost model of
the network. In this paper, we enhance this basic infrastructure
by extending the query service to obtain routing information
more efficiently, via a direct plugin interface to the OpenSM
subnet manager. We also extended the service to integrate a
simplified form of the NJ algorithm into the topology detection
service. Algorithm 1 shows the version of NJ algorithm we
have used. The neighbor-joining algorithm implements ag-
glomerative minimum-distance complete-linkage hierarchical
clustering [11] to cluster the graph associated with the routes
specified in the Linear Forwarding Tables (LFTs) for an IB
fabric [10].

The multi-joining step is natural in this problem since we
expect to have many hosts which are connected through a
single switch ASIC in the leaves of the physical network. IB
fabrics often have an identifiable leaf switch connecting 12 or
18 HCAs into the fabric. Our clustering algorithm will detect
these closely-connected hosts because each host connected
physically to this ASIC will have a logical route through
this ASIC only. As a result, all hosts physically connected
to this switch will have unit distances to each other and will
be subsequently joined together by the modified NJ algorithm.
Figures 5(a) and 5(b) depict the physical network topology and
the output (neighbor joined tree) of the NJ algorithm for the
Ranger supercomputer at TACC. Figures 6(a) and 6(b) show
the same results for the Gordon supercomputer at SDSC.

The NJ algorithm is implemented as part of an integrated
IB fabric query service developed to support the discovery of
routing and switching information about IB [4]. The routing
query server is a multi-threaded network program designed to
handle large numbers of simultaneous connections on large
machines with many jobs simultaneously requesting data. The
NJ algorithm requires O(N2

hosts) routing queries to populate
the initial distance matrix. Our approach only executes this

algorithm once at startup or whenever changes are detected
in the fabric connectivity. Note that we detect routing changes
automatically via heavy sweep trigger events with the OpenSM
plugin and automatically update the query service with new
data after SM remaps have completed. Other approaches,
which do not utilize such a centralized service, will have to
incur this cost every time an application or MPI library wants
to perform network-topology-aware activities.

Input : Weighted Network Topology Graph
Output: NJ tree

/* Initialize */
d(i, j) mapping node pairs to distances;
/* This is a reverse map of d */
rd(m) mapping distance m to a list of node id pairs;
a(i) active node ids;
/* A tree with one root node and active

nodes as children */
t;

repeat
for l = 1, 2, . . . do

foreach pair (i, j) ∈ rd(l) do
if a(i) && a(j) then

break;
else

remove inactive pairs from rd;
end

end
end
Add (i, j) to empty list L;
foreach row i do

Find, other d(i, k)==d(i, j) and add k to L;
end
foreach i ∈ L do

foreach j ∈ L do
if d(i, j)! = minimum then

Remove j from L;
end

end
end
foreach i in L do

a(i)=false;
end
Create new tree node n and insert into t;
Connect n to nodes in L as parent and root as child;
set m=max( (x,y) in LxL: d(x,y) );
foreach a(i)==true do

d(i, n)=m;
add (i, n) to rd(m);

end
until no new entries added to t;

Algorithm 1: Neighbor Joining Algorithm

B. Design of Network-Topology-Aware MPI Library
We next describe the various design changes made to the

MVAPICH2 [21] MPI library in order to support network-
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(a) Physical network topology graph - 4,037 end points
(input)

(b) Neighbor joined tree (output)

Fig. 5. Graphical overview of NJ algorithm created within the topology query service on Ranger

(a) Physical network topology graph - 1,086 end points
(input)

(b) Neighbor joined tree (output)

Fig. 6. Graphical overview of NJ algorithm created within the topology query service on Gordon

topology-aware mapping of processes. The design has the fol-
lowing major components: (a) Topology Information Interface
and (b) Network-topology-aware mapping schemes.

We create multiple communicators to aid us in mapping
the communication topology to the network topology. We
describe these communicators in Section IV-B2 and their use
in Section IV-B4. We design an abstraction layer called the
Domain Graph Interface (DGI) to isolate the upper level
users from the internal implementation details. In a similar
fashion, we use a predefined set of interface routines to access
external graph partitioners such as ParMETIS and Jostle. This
allows us to easily switch between alternate graph partitioners
without making major changes to our network-topology-aware
process placement techniques. We also implement a light
weight profiling module in the MPI library to analyze the
communication pattern of applications from the point of view
of number of hops traveled in the network. We show several
results from this module in Section V.

1) Design of Topology Information Interface: The Topol-
ogy Information Interface (TII) is designed to abstract the
details of the underlying topology from the MPI library - be it
inter-node network topology or intra-node processor topology.
All of the APIs exposed by the interface depend on the
network topology detection service described in Section III-B.
A brief description of the more important APIs is given below:

• tii_get_network_depth: Retrieves the depth of NJ
tree described in Section IV-A

• tii_num_switch_clusters_at_depth:
Retrieves the number of unique switch clusters the
job as a whole is connected to at a given level of the NJ
tree

• tii_connected_switch_cluster_at_depth:
Retrieves the unique ID of the switch cluster a particular
rank is connected to at a given depth of the NJ tree

Currently, the TII does not take the intra-node processor
topology into account and returns equal communication costs
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for all processors within a compute node. However, we are
working on introducing this support into the TII by leveraging
features provided by external libraries such as the Portable
Hardware Locality (hwloc) [22].

2) Communicator Design to Support Graph Mapping: As
shown in Figure 7, we create multiple sub-communicators to
reflect the network topology of the system. We build upon
the idea proposed in our earlier work [1]. Network topology
information is obtained using the APIs provided by the TII
described in Section IV-B1. To prevent overwhelming the
topology discovery service, MPI rank 0 performs the required
queries for the entire job and broadcasts it to rest of the
processes. Note that in the MVAPICH2 MPI stack, the process
with rank 0 will also be a node-level leader. Rank 0 will query
and obtain the depth of the NJ tree, the number of switch
clusters at a particular level of the tree and the unique ID of
the switch clusters at various levels of the NJ tree each node
is connected to. All of these parameters are identified by the
network topology detection service using the NJ algorithm
described in IV-A. If there are multiple switch clusters at
a level, we partition the communicator to create separate
communicators for switch clusters as depicted in Figure 7.
We use the unique ID of the switch cluster as the color to
split the communicator.

Level 3 

Switch Groups

Switches
Level 0 

Level 1 

Level 2 

Neighbor Join Tree

Switch Groups

Switch Group

1
3

4 5
6 7

8 9
10 11

13
14 15

50
51 52

54
55 56

58
59 60 63

12 49 53 57 61 62
642

0

Switch
Communicators

Switch Leader 
Communicators

None
4 12 53 61

57498 0

0 49
53 61
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578
4
0

12 61

4
8

12
0 49

0

8

49
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Fig. 7. Communicator design to support network-topology-aware process
placement

3) Single Step Mapping: The single step mapping module
shown in Figure 4 forms the base for all of our designs.
Other mapping approaches such as the multi step mapping
described in Section IV-B4 rely on the single step mapping
module to solve the graph partitioning problem. This module
accepts a communicator and topology information as inputs
and returns the network optimized problem domains embedded
in the communicator object as output.

Once the library has obtained the necessary information
regarding the communication topology of the application
through the DGI, it attempts to minimize the amount of
network communication between various processes by con-
sidering it as a k-way graph partitioning problem [12]. The
MPI library relies on external graph partitioners to map the
communication pattern of the application to the topology of
the underlying network. We use both Jostle and ParMETIS
for this. Most graph partitioners require the user to pass the
relative weights of the various edges in the communication

graph as input. We explored various metrics like network
hops, frequency of communication, volume of communication
and frequency / volume of communication weighted using
network hops. In Section V, we observe that the volume of
communication is the most suitable metric.

The relative communication volume between peers can
either be passed onto the MPI library through the DGI, or
it can be obtained by executing the job with some special
profiling flags that instruct the MPI library to record the
communication frequency between various processes in a file.
During subsequent executions, the MPI library automatically
uses this file to identify the frequency of communication
between peers. If this file is absent or inconsistent with the cur-
rent job size, and if the application did not provide it through
the DGI, the library assumes that all processes communicate
equally with their peers. The library then transforms the user
input along with the network topology information, gathered
through the TII, into a form that is acceptable for the interface
to external graph partitioners.

As a single execution of the graph mapping library may
not yield a balanced mapping of high quality, the single step
mapping module calls the external graph mapping library
multiple times until it yields a domain of sufficient quality for
the application. The level of quality required can be defined
by the user through an environment variable.

4) Multi Step Mapping: The multi-step mapping module
shown in Figure 4 uses the single step mapping module de-
scribed in Section IV-B3 as well as the various communicators
described in Section IV-B2 to effectively map the various
processes that are part of the MPI job onto the supercomputing
system. We designed two different network-topology-aware
process mapping schemes. For reference, Figure 7 identifies
the location of each rank that is mentioned in the following
discussion. Note that we assume that level 1 is the top level
for purposes of describing the two schemes. In both schemes,
the node level leaders (0, 4, 8, 12, 49, 53, 57 and 61) gather
data from the other intra-node processes (0 will gather from
1, 2 and 3).

Scheme 1: In this scheme, we follow a top-down approach
to the graph partitioning problem, recursively partitioning at
each switch level. The goal is to reduce the number of long
distance communications over the network and to concentrate
communication within individual switch clusters as much as
possible. All data pertaining to the application communication
pattern like vertices, edges, edge weights, etc. are gathered by
the members of the top level (say level ‘n’) switch leader
communicator (0 and 49). The leaders then call the single
step mapping module with this aggregated information in order
to reduce the number of inter-domain communication. Inter-
domain communication in the context of the top level switch
leaders correspond to the communication that spans the longest
distance over the network for the job in question (5 hops in this
example). Once the partitioning is done, the top level leaders
scatter the data to the members of switch communicators at
that level (0 scatters to 4, 8 and 12; 49 scatters to 53, 57 and
61). The members of switch-leader communicators at level ‘n-
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1’ (0 and 8; 49 and 57) aggregate this information through the
switch communicator at that level (0 gathers from 4; 8 gathers
from 12; 49 gathers from 53 and 57 gathers from 61). These
leader processes then call the single step mapping module
again to reduce the inter-domain communication at that level
(3 hops in this example). The process is repeated until we
reach the set of communicators representing the switches at
the lowest level.

Scheme 2: The second scheme is built atop scheme 1,
but contains a critical difference in that we partition the data
between all node level leaders (0, 4, 8, 12, 49, 53, 57 and 61)
first. Once this step is done, we aggregate all the information
contained in the vertices inside one node to create a new
super-vertex. The idea is to not allow the individual
vertices to be moved from one node to another independently.
We then perform the same steps outlined in scheme 1 with this
new super-vertex. The goal in this approach is to have as
much communication as possible within one node and prevent
it from being disturbed by further rounds of partitioning.

V. EXPERIMENTAL RESULTS

In this section, we describe the experimental setup, provide
the results of our experiments, and give an in-depth analysis
of these results. All numbers reported here are averages of
multiple runs conducted over the course of several days. For
the rest of this section default scheme refers to default process
placement scheme in place on modern supercomputing sys-
tems and topo-aware scheme refers to our proposed network-
topology-aware process placement.

A. Experimental Setup
We used multiple high performance computing systems to

obtain the results for this paper:
Ranger: Ranger is comprised of 3,936 16-way SMP com-

pute nodes providing a total of 62,976 compute cores. Each
core operates at 2.3 GHz and has 32 GB of memory with
an independent memory controller per socket. Ranger has two
3,456 port SDR Sun InfiniBand Datacenter switches at its core.
The interconnect topology is a 7-stage, full-CLOS fat tree.

Hyperion: This is a 1,400-core testbed where each node
has eight Intel Xeon (E5640) cores running at 2.53 Ghz with
12 MB L3 cache. Each node has 12 GB of memory and an
MT26428 QDR ConnectX-2 HCA. It has a 171-port Mellanox
QDR switch, with 11 leafs, each having 16 ports. Each node
is connected to the switch using one QDR link. Although
Hyperion does have additional compute cores, they are not
homogeneous in nature. Hence we restrict ourselves to the
nodes described above.

B. Performance Results for Neighbor Joining
In this section, we provide various results to analyze per-

formance of the neighbor joining algorithm.
1) Improving Performance of Neighbor Joining Algorithm

with OpenMP Constructs: As we saw in Section IV-A, the
NJ algorithm requires O(N2

hosts) routing queries at startup to
populate the initial distance matrix. For large fabrics, this step
originally took several minutes on a single core and comprised
over 80% of the runtime required to initialize the service.

To alleviate this bottleneck, we optimized and threaded this
portion of the algorithm using OpenMP constructs. Figure 8
shows the results of OpenMP parallelization from this effort
for the Lonestar and Ranger fabrics using 3,942 and 1,901 end-
point hosts for the NJ algorithm, respectively. In both cases,
parallel scaling efficiencies of 85% or higher were obtained
when running on a 6-core Westmere processor running at 2.67
GHz. The total time to initialize the service for the large
Ranger fabric is approximately 12 seconds using 6 threads.
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Fig. 8. OpenMP performance of host-pair queries showing parallel efficien-
cies of 85% on a single six-core Intel Westmere processor.

2) Overhead of Network Topology Detection: We compare
the old scheme which required the MPI library to make
O(N2

hosts) routing queries at startup to populate the initial
distance matrix, with the new Neighbor Joining scheme which
only requires the MPI library to make O(Nhosts) queries.
Figure 9 shows the time taken in milliseconds for the older
scheme and the newer NJ based scheme. As we can see,
the newer scheme is far more scalable as the system size
increases. As we go forward to exascale systems, such scaling
performance will be extremely critical.

Fig. 9. Comparison of query times incurred in old scheme and NJ

C. Application Level Performance Results Showing Benefits of
Network-Topology-Aware Process Placement

In the following sections we show the benefits obtained at
the application level by using a network-topology-aware MPI
library.

1) Overhead of Topology Discovery and Graph Mapping:
Table III shows the time spent by the MPI library in various
phases of topology discovery and graph mapping for different
number of compute nodes for the MILC code. As we can
see, the overhead caused due to the network-topology-aware
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TABLE III
OVERHEAD OF TOPOLOGY DISCOVERY AND GRAPH MAPPING (TIME IN SECONDS)

Number of Nodes (Processes) 16 (128) 32 (256) 64 (512) 128 (1,024)

Distribution of Time for Topology Mapping

Discover Network Topology 0.006 0.007 0.011 0.018
Communicator Creation 0.006 0.008 0.578 0.773
Create Topology Aware Mapping 0.180 0.228 0.635 1.474
Total Time 0.192 0.243 1.224 2.265

Total Execution Time of MILC 460.66 462.69 590.66 689.36
Time for Topology Mapping as a Percentage of MILC Execution Time (%) 0.04% 0.05% 0.21% 0.33%

graph mapping scheme only forms a very small percentage of
the total time taken by the application for varying job sizes.
Another point to note is the amount of time taken for the
communicator creation phase. This is orthogonal to our work.
Several researchers have already proposed solutions [23, 24]
for this which can be easily integrated into our design. We are
currently working on enhancing the design of the topology
mapping module to make it more robust and scalable.

2) Performance with 3D stencil benchmark: The processes
in the benchmark are mapped onto a 3D grid and each
process talks to its neighbors in each dimension (6 neighbors).
In every step, each process posts MPI Irecv operations for
all of the messages it expects and then posts all of the
MPI Isend calls. It waits for all of the transfers to complete
with a single MPI Waitall call. We compare both schemes
we have outlined in Section IV-B4 against the case that
does not have any network-topology-aware optimizations. Fig-
ures 10(a) and 10(b) compare the performance of the 3D
stencil benchmark for small and large messages respectively
at 512 processes. We see that for large messages both of the
schemes perform better than the default scheme, with scheme-
2 giving up to 40% improvements. But for smaller messages
we see that scheme-1 performs worse when compared with
the default case. Analysis of the performance from a network
perspective showed that although we were decreasing the num-
ber of long distance network communications with scheme-1,
the percentage of intra-node messages were also decreasing
leading to poorer overall performance. We do not show the
graphs showing the split up of physical communication due
to lack of space. Scheme-2 on the other hand was able
to increase the percentage of intra-node communication as
well as decrease the total number of long distance network
communication leading to the best benefits. Hence we use
scheme-2 for all of our experiments at the applications level.
To verify the scalability of our design, we compare scheme-2
with the default scheme at various system sizes for a fixed
message size of 64 KB. As we can see from Figure 10(c), the
topo-aware scheme consistently performs better at all system
sizes. We do not show the trends on Ranger as they are similar.

3) Impact of Network Topology Aware Task Mapping on
the Communication Pattern of AWP-ODC: To examine the
effectiveness of our topo-aware process placement scheme
further, we use AWP-ODC. We analyze the physical commu-
nication pattern in terms of number of hops for the default
and the automatic topo-aware process placement scheme.
Figures 11(a) and 11(b) depict the communication pattern

in terms of number of hops for the default and topo-aware
scheme, respectively. As we can clearly see, the topo-aware
process placement scheme is able to improve the intra-node
communication percentage from 33% to 66%. It is also able to
reduce the number of 7, 5, 3 and 1 hop inter-node exchanges.
Figure 11(c) summarizes the gains obtained in reducing the
number of long distance communication. Although the topo-
aware scheme does lead to modest gains in the performance
of the application, further gains are limited by an inherent im-
balance in the application due to boundary condition updates.
Nevertheless, this shows the potential benefit that a topo-aware
process placement can have.

4) Impact of network topology on performance of Hypre:
Hypre is an open-source, high performance and scalable pack-
age of parallel linear solvers and preconditioners. It mostly
uses small to medium sized messages for communication.
We evaluate the AMG pre-conditioner inside Hypre using the
new ij benchmark that is available with the Hypre suite for
various input matrix sizes at a system size of 1,024 processes
on Hyperion. We used the following parameters as input
to run the benchmark ”-27pt -pmis -interptype 6
-Pmx 4 -amg_max_its 100”. Figure 12(a) compares the
normalized performance of the topo-aware scheme with the
default scheme for different matrix sizes. As we can see, the
topo-aware scheme gives between 10% to 15% improvement
over the default scheme that is unaware of network topology.
We further analyze the physical communication characteristics
of the application to gain insights into the performance ben-
efits. Figures 12(b) and 12(c) depict the split up of physical
communication in terms of number of hops for the default
and topo-aware cases, respectively. As we can see, we are
able to increase the percentage of intra-node communication
(from 45.00% to 53.28%) uniformly across all of the physical
hosts involved in the job. We can also see, in the inter-node
communication, we are able to reduce the number of long
distance 5 and 3 hop transfers in exchange for an increase in
the short distance 1 hop transfer. Due to scheduling conflicts,
we were unable to run Hypre at large scales on Ranger.

5) Impact of network topology on performance of MILC:
We run the ks imp dyn code which simulates dynamical
Kogut-Susskind fermions with the input that is available for
it from the NERSC website [25]. For the cases we ran, MILC
mostly used medium messages in the range for 4 KB - 64
KB. Figure 13(a) compares the normalized performance of
the topo-aware and default schemes for various system sizes
on Ranger. As we can see, the performance improvements
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seen increases as the size of the system increases, which
is a very encouraging result. Overall we see that the topo-
aware versions give up to a 10% improvement in performance
when compared to the default scheme at at 1,024 cores and
up to a 15% improvement at 2,048 cores. We analyze the
communication pattern in terms of number of hops for the
topo-aware and default versions. Figures 13(b) and 13(c)
depict the communication split up in terms of number of hops
for the default and topo-aware versions, respectively, at 2,048
cores on Ranger. As we can see, the topo-aware version is
able to increase the percentage of intra-node communication
(from 44.12% to 58.77%). We are also able to significantly
reduce the number of long distance (7-hop) communication
from 73.10% of inter-node exchanges to 48.67%. The topo-
aware scheme brings in most of this communication to inside
a node and the remaining to lower hop location by intelligent
placement of MPI ranks. Due to sparse nature of the allocation
and the communication pattern of MILC (128 nodes were
allocated on up to 109 different leaf switches, these switches
were connected up to 66 different switch clusters at level 1
of the NJ tree, leaving only 2 or 3 nodes per level 2 switch
cluster), we were not able uniformly reduce the number of 5
hop and 3 hop exchanges as we did on Hyperion for Hypre.

VI. RELATED WORK

Extensive research has been conducted around the map-
ping problems in parallel and distributed computing. The
general idea is to map a task graph to a network graph
while minimizing the overhead of communication and bal-
ancing computational load. This problem can be reduced to
a graph embedding problem which has been proved to be
NP−Complete [26, 27]. Researchers have proposed different
solutions to solve the mapping problem based on heuristic
algorithms [28–30] and physical optimization algorithms [31–
34]. But most of these works targeted interconnect topologies
such as hypercubes, array processors or shuffle-exchange
networks, while modern system topologies are mainly meshes,
tori and fat-trees. With petascale clusters, it is critical to
improve the mapping of communication graphs to improve
communication overheads of large scale parallel applications.

Bhatele et al. [35, 36] presented a framework for automatic
mapping of parallel applications using a suite of heuristics.
Their framework was based on obtaining the communication
graph using profiling libraries and applying heuristics to obtain
a mapping solution. The topology information was obtained
through system calls. These works demonstrated the impor-
tance of topology-aware mapping for communication bound
applications on tori networks and proprietary systems like
BlueGene.

Mercier and Jeannot proposed the TreeMatch algorithm [37]
which provides a near-optimal placement of MPI processes
on NUMA architectures. They evaluated this algorithm using
two different metrics [38] to assign weights to the edges:
the communication volume and frequency. Nevertheless, this
work does not take into account the physical topology of the
network.

Rashti et al. [3] proposed a network discovery module based
on ibtracert and used Scotch [39] to match the communication
graph of the application to the physical topology. Hoefler
et al. [2] proposed different topology mapping algorithms
available for different network topologies. However, these
approaches either relied on ibtracert and ibnetdiscover, which
are privileged operations or, as discussed in Section I, were
not scalable.

In this paper, we propose a scalable network discovery
service for InfiniBand available at the user level. With this
service, we design a network-topology-aware MPI library to
provide a topology aware mapping of the MPI processes.

VII. CONCLUSIONS AND FUTURE WORK

We have presented a novel, scalable InfiniBand network
topology service based on the neighbor joining algorithm. To
the best of our knowledge this is the first instance where the
neighbor joining algorithm has been applied to solve the prob-
lem of InfiniBand network detection. We have demonstrated
the applicability and scalability of our service by using it to
design a network-topology-aware MPI library, and we have
shown that its use can improve performance of real-world
applications and libraries at scale.

Experimental results demonstrate that the new service re-
duces the application cost of network topology discovery
time from O(N2

hosts) to O(Nhosts). We accelerated the ini-
tial distance matrix construction using OpenMP constructs,
achieving 87% parallel efficiency on 6 cores on a Westmere
node, further reducing discovery cost. Micro-benchmark level
evaluations showed that the proposed topo-aware MPI can
enhance the performance of all message sizes by up to 40%.
With MILC, we see up to 6% and 15% improvement in
total execution time on 1,024 cores of Hyperion and 2,048
cores of Ranger, respectively. On Hyperion we were able to
increase the percentage of intra-node communication from
29.04% to 43.52%. On Ranger the percentage of intra-node
communication went up from 43.51% to 57.95%. In both
cases, we reduced the number of 7, 5, 3 and 1 hop exchanges.
We also got up to a 15% improvement in the runtime of the
Hypre linear system solver using 1,024 processes for varying
sizes of the input matrix on Hyperion.

The continuing goal of this modified NJ approach is to aid
batch scheduling decisions by identifying closely-connected
subgraphs of free resources where the maximum number of
switch ASICs traversed by network traffic within the subgraph
is minimized. This should lead to performance improvements
for codes whose performance is latency sensitive. We have
modified benchmarks like IRS [40] and end applications such
as ALE3D [41] to directly use the DGI rather than rely on the
profiling information obtained from the MPI library. As part
of future work, we plan to run these modified benchmarks
and applications at scale on various supercomputing systems.
We also plan to evaluate the impact our research can have on
performance of end applications for other networks topologies
such as 3D/5D tori.
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