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Abstract—GPU accelerators have successfully established
themselves in modern HPC clusters due to their high perfor-
mance and energy efficiency. To increase the GPU computa-
tional power in a cluster node and tackle larger problems,
multi-GPU nodes have become the platform of choice for
scientific applications. In a multi-GPU node, GPU devices are
interconnected together via different communication channels.
Thus, intranode inter-process communications among GPUs
may traverse different paths with different latency and band-
width capacity. As the number of GPUs within a multi-GPU
node increases, the topology of GPU interconnects becomes
more hierarchical, effectively increasing the heterogeneity of
the GPU communication channels.

In this paper, we provide evidence that the performance
of different intranode GPU communication channels can be
considerably different from each other. This is specially true
for larger message sizes. Taking this into account, our goal in
this work is to efficiently assign the available GPU devices on
a multi-GPU node to MPI processes in order to improve the
GPU-to-GPU communication performance. We tackle this chal-
lenge by proposing a topology-aware GPU selection scheme.
Our scheme is capable of efficiently mapping MPI processes
to the available intranode GPU devices, in a way that more
intensive inter-process GPU communications take place on
the more efficient communication channels. Our experimental
results show that our topology-aware GPU selection scheme can
improve the communication performance of the microbench-
marks with different communication patterns, specifically those
with weighted and asymmetrical communications.

Keywords-Multi-GPU node; MPI; Topology-aware GPU Se-
lection; Mapping

I. INTRODUCTION

GPUs accelerators have established themselves in modern
HPC clusters. The high compute capacity and the lower
power dissipation provided by these accelerators is what
the HPC systems are striving for. In fact, GPUs have been
deployed in many supercomputers in the Top500 [1]. More-
over, multi-GPU nodes are increasingly gaining popularity
among the state-of-the-art HPC clusters. Such nodes can
provide higher GPU computational power and memory to
the HPC scientific applications. The architecture of these
nodes usually consists of multi-core processors and multiple
GPU devices linked via different communication channels.

The Message Passing Interface (MPI) [2] is the de-facto
standard for parallel programming in clusters. In GPU clus-
ters, while processes can offload and accelerate computation

on the GPUs, they require support from the MPI library to
communicate their data that reside on the GPU memory.
To perform such communications efficiently, MPI must be
tuned and become GPU-aware. In MPI applications, both the
intranode and internode inter-process GPU communications
are considered to be a major performance bottleneck. As a
matter of fact, the overhead of the inter-process GPU com-
munications in applications with high data interdependency
may even wipe out the potential benefits of GPU offloading.
In this regard, researchers have started to address the GPU
communication bottleneck, by incorporating GPU-awareness
for MPI point-to-point and collective operations [3], [4], [S].

MPI processes running on a multi-GPU node can select
any of the intranode GPU devices. However, depending on
the selected GPU, inter-process GPU-to-GPU communica-
tions may have to traverse different paths. The intranode
traversal path may consists of different communication chan-
nels, such as a single or multiple PCle internal switches, a
PCIe host bridge, or an inter-socket interconnect such as
QPL. In this regard, we first present a series of tests on the
multi-GPU node and show that the performance of these
communication paths varies distinctively, specially as the
message sizes increase. Taking this into account, our goal is
to efficiently assign GPU devices to MPI processes in order
to improve their GPU communication performance.

In this paper, we propose a topology-aware GPU selection
scheme in order to assign GPU devices to MPI processes
based on the GPU-to-GPU communication pattern and the
physical characteristics of a multi-GPU node. We use three
different metrics: latency, bandwidth, and communication
distance to reflect the efficiency of different GPU-to-GPU
traversal paths in a multi-GPU node. We also profile the MPI
program to extract the corresponding GPU communication
pattern. With the extracted information, we model the GPU
assignment problem as a graph mapping problem where
we seek to map highly communicating pairs of processes
to the GPU pairs with more efficient connections. We use
the SCOTCH [6] library to build the virtual and physical
topology graphs and perform the mapping.

We have implemented our design into the Open MPI
library [7]. For performance evaluations, we use four mi-
crobenchmarks: 2D Stencil, 2D Torus, 3D Torus, and 4D
Hypercube. In all these microbenchmarks, the processes are



first organized into a logical n-dimensional grid and com-
municate with their neighbors along each dimension of the
grid. Moreover, we consider both symmetric and asymmetric
communication patterns. In the symmetric case, all processes
communicate with the same number of neighbors, whereas
the number of neighbors for different processes can vary
in the asymmetric case. We also consider both the weighted
and non-weighted instances of each microbenchmark. While
in the non-weighted case communication volume along all
dimensions is identical, in the weighted case, we consider
a relatively higher communication volume along one of
the dimensions (i.e., the weighted dimension). According
to the experimental results, our topology-aware GPU se-
lection scheme can highly benefit the weighted instances
of microbenchmarks (by up to 59%). We can also observe
(to a lower extent) improvements for the non-weighted but
asymmetric instances of microbenchmarks.
In this paper we make the following contributions:

« We use three metrics (latency, bandwidth, and commu-
nication distance) to reflect the performance of different
intranode GPU communication channels in a multi-
GPU node. The results show a considerable variation
in communication performance among different GPUs,
specially for larger messages.

« We propose a topology-aware GPU to process assign-
ment policy that would take into account the GPU
communication pattern and the physical topology of
the multi-GPU node to improve the communication
performance among the GPUs. We have integrated the
proposed GPU scheme into the Open MPI library. To
the best of our knowledge, this is the first application
of topology awareness for GPU to MPI process assign-
ment on multi-GPU nodes.

o We evaluate the performance of our proposed scheme
with various microbenchmarks that model different
communication patterns, and show that our scheme can
highly benefit microbenchmarks with asymmetric and
weighted communication patterns.

The rest of this paper is organized as follows. In Section
I, we provide the background material. We present the
motivation behind this work in Section III. We propose
our topology-aware GPU selection scheme in Section IV.
In Section V, we present and analyze our experimental
results. We present the related work in Section VI. Finally, in
Section VII, we conclude the paper and outline some future
directions.

II. BACKGROUND

In this section, we briefly discuss MPI [2], as well as the
SCOTCH [6] and the NVML [8] libraries that we use in this
paper for graph mapping and extracting the intranode GPU
topology levels, respectively.

A. MPI

The Message Passing Interface (MPI) is 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. Accordingly, MPI provides
support for various types of communications such as point-
to-point, collective and one-sided. The GPU support has
been added to well-known MPI implementations such as
MVAPICH2 [9] and Open MPI [7]. The GPU support may
follow a general approach which involves staging the GPU
data into the host buffer and leveraging the CPU-based MPI
routines. It may also involve further tunings by pipelining
the transfers and using specifically designed algorithms for
some MPI routines.

B. SCOTCH

In general, topology-aware mapping is an instance of the
graph mapping (embedding) problem where a guest graph
G is mapped onto a host graph H. The problem is known
to be NP-hard, however, various mapping algorithms and
heuristics exist that can provide sub-optimal solutions. In
particular, the SCOTCH library provides various APIs for
graph partitioning and graph mapping. SCOTCH is capable
of mapping any source graph onto any target graph. These
graphs may have any topology, and their vertices and edges
can also be weighted. In this work, we use the SCOTCH
library to perform the mapping stage in our topology-aware
GPU selection scheme.

C. NVIDIA Management Library

Information about the the internal architecture of a node
can be extracted by various tools. In particular, HWLOC [10]
is a well-known library that provides a set of portable APIs
to query the attributes of a node including cores, sockets,
caches as well as I/O devices such as InfiniBand network
interfaces [11] or GPUs. In this work, however, we only use
the NVIDIA Management Library (NVML) [8] to extract
the GPU topology level of a multi-GPU node. The NVML
library includes a set of C-based APIs that can be used for
extracting various states and characteristics of the NVIDIA
GPU devices, including monitoring, managing, and querying
the GPU states and topology information. We use the
nvmlDeviceGetT opologyCommonAncestor() API func-
tion in the NVML library to retrieve the common ancestor
in a GPU pair. The retrieved common ancestor is a value of
type nvmlGpuT opology Level_t which represents the node
level relationship between two GPUs. In general, the larger
this value, the higher the topology level between the GPUs.

III. MOTIVATION

In this section, we first discuss the various GPU topology
levels with different communications channels in a multi-
GPU node, and then evaluate their corresponding latency
and bandwidth performance.



A. Intranode GPU Level

In a multi-GPU node, various traversal paths may exist
among different GPUs. Therefore, communication between
different GPUs may go through different communication
channels. Fig. 1 depicts an example configuration of a
multi-GPU node, which we also use as our experimental
testbed (Section V). According to the figure, GPUs can
communicate with each other through different paths. In
particular, there are four different topology levels which we
list them from Level 0 to Level 3. Different topology levels
include different communication channels, such as only a
single PCle internal switch in Level 0, or multiple PCle
switches and an inter-socket interconnect in Level 3 (e.g.,
QPI). Such a variety of communication channels in different
topology levels (as shown in Fig. 1) can lead to different
GPU communication latency and bandwidth performance.

B. Impact of GPU Level on Intranode GPU-to-GPU Com-
munication

To evaluate the latency and bandwidth capacity of various
intranode GPU topology levels, we perform intranode ping-
pong and bi-directional bandwidth tests. We examine both
communication latency and bandwidth results for all possi-
ble GPU pairs in our 16-GPU node across various message
sizes. Next, depending on the topology level, we categorize
the latency and bandwidth results into four levels, and report
the average values in Fig 2. As can be seen in this figure,
the GPU topology level has noticeable impact on the GPU
communication latency and bandwidth for message sizes
larger than 2KB. We can also observe that as the message
size increases, the latency/bandwidth gap between different
topology levels becomes wider. In general, we can infer
that by increasing the GPU pair topology level, the latency
increases and the bandwidth drops.

IV. DESIGN AND IMPLEMENTATION

In this section, we propose a topology-aware GPU selec-
tion scheme in order to efficiently assign intranode GPUs to
MPI processes so as to improve the intranode inter-process
GPU communication performance. In our approach, we
leverage the GPU communication pattern and the physical
characteristics of the node, and model our topology-aware
GPU selection scheme as a graph mapping problem where
the GPU communication graph is mapped onto the GPU
physical topology graph. A given solution of this mapping
problem would designate a specific assignment of GPUs to
MPI processes.

We extract the GPU communication pattern by profiling
the program in an initial run. In this regard, we instrument
the MPI library to gather the GPU inter-process commu-
nications in a virtual topology matrix file. Using this file,
we construct a GPU virtual topology graph. In this graph,
vertices represent MPI processes, and edges represent the

existence and the significance of GPU inter-process com-
munications. Thus, the higher the edge value, the higher the
communication volume between the associated communicat-
ing GPU peers.

We leverage three different metrics to reflect the impact
of different topology levels in a multi-GPU node: 1) latency;
2) bandwidth; and 3) communication distance. For each
metric, we perform a series of tests to extract the associated
physical topology matrix file (note that none of the tests
requires root access). Using the generated files, we construct
the GPU physical topology graph. Vertices in this graph
represent the GPU device indices, and edges represent the
significance of the GPU pair connection. All intranode GPUs
are capable of communicating with each other, thus the
GPU physical topology graph will be a complete graph. A
higher edge value represents a lower latency, higher band-
width, and lower communication distance in the latency-
based, bandwidth-based, and distance-based physical topol-
ogy graphs, respectively.

We use the SCOTCH library to map the constructed
virtual topology graph onto the physical topology graph.
We also use this library to construct the GPU virtual and
physical topology graphs out of the virtual and physical
matrix files. These matrix files are required to be available
prior to the program execution. The virtual topology matrix
file requires to be generated once in an initial run. The
physical topology matrix files are also required to be created
once on each node. Depending on the chosen metric, we use
different tests to generate the physical matrix file.

For the latency-based metric, we use the normalized GPU
pair latency values from the ping-pong test results (Fig. 2.a).
For each GPU pair, we calculate the ratio of the latency
in the topology Level 3 to the latency in the associated
topology level of the pair. We calculate this ratio for message
sizes in which the communication latency is affected by the
topology level (greater than 2KB). We store the average of
the ratio values in the topology matrix file.

For the bandwidth-based metric, we use normalized GPU
pair bandwidth values from the bi-directional bandwidth test
results (Fig. 2.b). For each GPU pair, we first calculate the
ratio of the bandwidth in the topology level of the pair to
the bandwidth in topology Level 3 for message sizes with
varying bandwidth on different levels (greater than 2KB).
We only consider this ratio for message sizes in which the
communication bandwidth is affected by the topology level.
For each GPU pair, we store the average ratio in the physical
topology matrix file.

Finally, for the distance-based metric, we use a set
of APIs from the NVML library to run a test and
extract the communication distance of different GPU
pairs that are available on the node. In this re-
gard, we mainly use the NVML topology APIs such
as  numlDeviceGetTopologyCommonAncestor() with
which we retrieve the common ancestor for all GPU pairs.



e Level 0: Path between GPU pairs traverses a PCle internal switch
e Level 2: Path between GPU pairs traverses a PCle host bridge

e Level 1: Path between GPU pairs traverses multiple internal switches
e Level 3: Path traverses a socket-level link (e.g., QPI)

Figure 1. Different intranode GPU pair levels
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Figure 2. Effect of intranode GPU pair level on point-to-point latency and bi-directional bandwidth

For each pair of GPUs, the depth of their common ancestor
can represent the physical distance between them. Based on
the maximum number of detected topology levels (4 in our
case), for each GPU pair, we store the difference between
this maximum value and the topology level value of the pair
into the physical topology matrix file.

We have integrated our proposed topology-aware GPU se-
lection scheme into the MPI initialization phase of the Open

MPI library. During this phase, we use the SCOTCH library
to map the GPU virtual topology graph onto the physical
topology graph. The output mapping table determines the
desired GPU-to-process assignments in terms of an array M.
The element Mi] designates the GPU_id to be assigned
to rank ¢. Due to the nature of the SCOTCH mapping
algorithms, which can lead to different mapping results in
different runs, only one process (without loss of generality,



process with rank 0) performs the mapping and scatters
the mapping results M to other processes. Upon receiving
the GPU_id, each MPI process calls the CUDA device
selection function, cudaSet Device(GPU_id), to select its
associated GPU.

V. PERFORMANCE ANALYSIS
A. Experimental Setup

Our experiments are conducted on one node of the 6-node
K80 Helios supercomputer installed in Université Laval.
Each K80 node is equipped with 16 GPUs, 256 GB of
memory, two Intel Xeon Ivy Bridge E5-2697 v2 with twelve
2.7 GHz cores (total of 24 cores per node) and runs a 64-bit
CentOS 6.7. We conduct our experiments using Open MPI
1.8.8, CUDA 7.5, and SCOTCH 5.8 libraries. In all of our
experiments, we consider 16 processes and a single process
per GPU.

B. Experimental Results

In this section we compare the conventional GPU selec-
tion scheme against our proposed topology-aware schemes.
In the conventional scheme, each process selects a GPU
based on its associated rank number (usually process with
rank ¢ selects a GPU with index ¢). In our proposed
scheme however, each process selects its GPU based on
the topology-aware assignment results. Our scheme exploits
three different metrics to extract the GPU physical topology
graph, thus we consider three scenarios in our scheme: 1)
latency-map; 2) bandwidth-map; and 3) distance-map.

To conduct our experiments we use four microbenchmarks
that model different communication patterns: 1) 2D Stencil,
2) 2D Torus; 3) 3D Torus; and 4) 4D Hypercube. Two of the
microbenchmarks have symmetric communication patterns
(i.e., 2D Torus and 4D Hypercube), in the sense that all
processes communicate with the same number of neighbors.
We also consider both non-weighted and weighted cases in
our microbenchmarks, with the weighted case having heavier
communication along one dimension. Our first microbench-
mark (2D Stencil) is a 5-point 2-dimensional Stencil, in
which processes are first organized into a 2-dimensional
mesh; each process then communicates with its immediate
neighbors along each dimension. With 16 processes, the
processes are logically organized into a 4 X 4 mesh (with no
wraparound connections). In the weighted case, we carry
out heavier communication along the x dimension. Our
second microbenchmark (2D Torus) is a 2-dimensional torus,
which is similar to the 2D Stencil, but with wraparound
connections. Our third microbenchmark (3D Torus), is a 3-
dimensional torus, in which each process communicates with
its neighbors along z, y, and z dimensions. With 16 pro-
cesses, the processes are logically organized into a 4 x 2 x 2
torus. In the weighted case, we carry out heavier commu-
nication along the longer dimension (dimension z). The
fourth microbenchmark (4D Hypercube) is a 4-dimensional

hypercube, in which each process communicates with its
four neighbors along the z, y, 2z, and t dimensions. In
the weighted case, we consider heavy communication on
the dimension connecting the inner cube to the outer cube
(dimension t).

In all of our microbenchmarks, we use the w parameter to
determine the relative weight and consider w values of 1 and
3 for the non-weighted and weighted cases, respectively. A w
value of 1 means the communications along all dimensions
have the same weight, whereas in the case of w = 3,
messages sent along one of the dimension will be 3 times
larger than those sent along the other dimensions.

Our experimental results are the average of four runs
and they are reported for the non-weighted and weighted
microbenchmarks in Fig. 3 and Fig. 4, respectively. Ac-
cording to Fig. 3, for the non-weighted cases, we observe
performance improvement in the 2D Stencil and the 3D
Torus microbenchmarks, mainly for message sizes greater
than 16KB. However, no (or limited) improvement is ob-
served in the case of 2D Torus and 4D Hypercube mi-
crobenchmarks. We attribute this behavior to the fact that,
with the conventional scheme, GPUs are already efficiently
assigned to MPI processes, in a sense that most of the inter-
process GPU communications will take place on the more
efficient GPU traversal paths (i.e., lower topology levels).
One reason behind this is due to the fact that both the
2D Torus and 4D Hypercube microbenchmarks, unlike the
2D Stencil and 3D Torus, have symmetric communication
patterns, as all processes in these microbenchmarks are
communicating with the same number of neighbor processes
(4 neighbors in both 2D Torus and 4D Hypercube). On top
of that, all communications in these microbenchmarks have
the same weight. All in all, for the non-weighted symmetric
microbenchmarks, there remains a limited potential for our
topology-aware scheme to provide improvement.

On the contrary, in our weighted microbenchmarks, GPUs
should be assigned to processes in a way that heavily
communicating processes end up on GPU pairs with more
efficient traversal path. According to Fig. 4, our GPU selec-
tion schemes can outperform the conventional GPU selection
approach in most cases (with the only exception of 4KB to
32KB in the 3D Torus). According to the figure, all of our
schemes provide comparable performance results with each
other. The only exception is for 1l6MB messages where the
distance-based approach is mostly superior. It is also worth
mentioning that in some cases the performance improvement
of our schemes drop momentarily for some message sizes
greater than 2KB. We attribute this to the eager/rendezvous
protocol switching point (4KB) for the intranode GPU-to-
GPU communication used in Open MPI. We could avoid the
associated drop in performance improvement by increasing
the default eager threshold; however, this may come at the
expense of degrading the basic latency/bandwidth perfor-
mance.
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Runtime improvement of topology-aware mappings over default mapping on non-weighted microbenchmarks
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In general, we observe that weighted microbenchmarks
(with both symmetric and asymmetric communication pat-
terns) benefit the most from our topology-aware GPU selec-
tion schemes. While our mapping schemes can also benefit
the non-weighted asymmetric microbenchmarks, the per-
formance of the non-weighted symmetric microbenchmarks
mainly remain intact.

C. The Overheads

In this section, we analyze the overheads that are asso-
ciated with our proposed topology-aware GPU assignment
scheme. To this end, we measure the time it takes to do
the mapping and compare it against the average time of a
single communication iteration for each microbenchmark.
Note that we do not consider the overhead of extracting the
physical topology as it is required to be performed only once.
We report the corresponding results in Fig. 5 for various
message sizes. For each microbenchmark, Fig. 5 shows
the minimum number of communication iterations that is
required to compensate the overheads of topology-aware
GPU assignment. As shown in the figure, the overheads
become more and more negligible as the message size in-
creases. For smaller messages, we might require up to 1000
communication iterations to get benefits from our topology-
aware GPU assignment scheme. For messages larger than
2MB, however, the overheads are mitigated by only a
single communication iteration. We can also observe that
the 2D Torus and the 3D Torus microbenchmarks require
the lowest and highest minimum number of communication
iterations to compensate the overheads of topology-aware
GPU assignment, respectively. This complies with the results
shown in Fig. 4 where the improvements are higher for the
2D Torus microbenchmark than the 3D Torus.
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Figure 5. Number of communication iterations required to compensate
the mapping overhead

VI. RELATED WORK

In GPU clusters, researchers have studied various GPU-
aware point-to-point and collective operations to improve the
GPU communication performance [3], [4], [5]. In [3], the

authors proposed an intranode GPU-aware MPI_Allreduce,
in which CUDA IPC was used to gather the pertinent
data into the shared GPU buffer, followed by an in-GPU
reduction. The CUDA IPC copy type was also utilized in [4],
[5] to improve one-sided and point-to-point communications.

Topology-aware mapping has also been extensively stud-
ied in the context of CPU-to-CPU communications. Several
experiments carried out on large-scale systems such as IBM
BG/P and Cray XT supercomputers have verified the adverse
effects of contention and hop-count on message latencies
[12]. Another study [13] shows that different mappings of
an application on large-scale IBM BG/P systems can signif-
icantly affect the overall performance. Ma et al. [14] study
the impacts of topology awareness and process distances
on collective communications, and propose algorithms for
constructing collectives whose communication patterns are
optimized with respect to the physical topology of processes.

In [15], the authors propose a topology-aware mapping
mechanism for two of the MPI topology functions, i.e.,
MPI_Graph_create and MPI_Cart_create. Virtual
process topology of CPU communications is extracted
through profiling the application, and is represented by an
undirected graph structure with weighted vertices and edges.
The normalized total communication between two processes
is used as the metric for assigning edge weights. Since the
MPI_Graph_create function does not support weighted
edges, the authors use edge replication to represent edge
weights. In addition, a weight is assigned to each vertex of
process topology to represent the computation requirement
of the corresponding process. For the physical topology,
both node and network architectures are taken into account.
HWLOC [16] is used to extract the architecture of multi-
core nodes, whereas the ibtracert tool of InfiniBand subnet
manager is utilized to discover network distances between all
pair of nodes. The results are merged to build an undirected
graph with both vertices and edges having weights. The
weight of a given vertex represents the processing power
of the corresponding processor whereas the weight of each
edge represents the communication performance between the
corresponding cores. The actual mapping is performed by
the SCOTCH library.

Mércier and Jeannot [17] modify the implementation of
the MPI_Dist_graph_create function in MPICH2 to
provide it with a topology-aware reordering of processes.
The HWLOC library is first used to gather hardware archi-
tecture information. One process on each multi-core node
extracts the architecture of that node and sends it to a
global root process. The whole hardware architecture of
the system is represented in a tree structure in compliance
with the hierarchical architecture of NUMA nodes. The
authors implement an algorithm called TreeMatch to do
the actual mapping. The algorithm extracts a tree from the
matrix representing the communication graph and matches
this tree to the hardware topology tree. It works recursively



on each level of memory hierarchy (following a bottom-up
approach) and groups processes in such a way that the cost
of remaining communications is minimized.

In [18], another mapping approach is proposed which
is similar to that of [15]. Using graph partitioning meth-
ods, the problem domain is decomposed so as to build a
subdomain graph with a number of vertices equal to the
number of cores in the system. The physical topology of
the system is represented by a processor graph consisting
of node graph and core graph. Core graph is built upon
the information gathered by the HWLOC library with edge
weights representing the logical distance between any pair
of cores within a node. Node graph is a complete weighted
graph that captures the internode topology of the system
with the edge weights representing the bandwidth between
any pair of nodes. Unlike the work done in [15] where the
network distance between pair of nodes is used to assign
edge weights, in this work the actual bandwidth between
any pair of nodes is measured at the execution time. This is
done by measuring the communication time of sending and
receiving point-to-point data of different sizes between any
pair of MPI processes residing on different nodes. Mapping
is carried out in two steps. First, the sub-domain graph is
partitioned into several groups and each group is mapped
onto a vertex in the node graph. Next, the sub-domain in
each group is mapped on the vertices in the core graph.
SCOTCH is utilized to do the mapping (and partitioning) in
both steps.

Rodrigues et al. [19] also use bandwidth measurement
to determine the edge weights of the physical topology
graph. In particular, a ping-pong microbenchmark is used to
measure the bandwidth between each pair of cores in the sys-
tem. The communication speeds generated by the ping-pong
microbenchmark are then used to assign the edge weights
in the physical topology graph. Application communication
pattern is also represented by a weighted graph which is
extracted by profiling a previous run of the application on
the target system. The mapping step exploits the Dual Re-
cursive Bipartitioning method (a graph partitioning method)
provided by the SCOTCH library. The algorithm recursively
partitions both the process and physical topology graphs
into two disjoint sets such that the communication weight
between the two sets is minimized in the process graph,
and strongly connected processors are kept in the same set
in the architecture graph. In each step, the resulting sets of
processes are assigned to the resulting sets of processors.
This way, heavily communicating processes end up on
strongly connected processors.

As discussed above, mapping and topology awareness
have been used for efficient CPU assignment in parallel
systems. In this paper, we show that similar concepts apply
to GPU communications, and topology awareness can be
beneficial for GPU communications as well. Accordingly,
we extract the communication pattern and the GPU topology

of a multi-GPU node, and then use a mapping library to
assign GPUs to MPI processes in order to improve the GPU
communication performance.

VII. CONCLUSION AND FUTURE WORK

In this paper, we showed that intranode GPU topology can
affect communication performance. Accordingly, we pro-
posed a non-trivial topology-aware GPU selection scheme
that considers the program communication pattern and the
physical characteristics of the multi-GPU node. We modeled
the problem as a graph mapping problem and used the
SCOTCH library to solve it. Our experimental results show
that our scheme can highly improve the communication per-
formance of the weighted and asymmetric microbenchmarks
(by up to 59%).

We are currently experimenting with some real applica-
tions to evaluate the performance impact of our topology-
aware GPU selection schemes. As for the future work, we
are interested in extending our work to across the cluster and
evaluate the impact of the interconnection network level in
our scheme.
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