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ABSTRACT
Modern multi-core clusters are increasingly using GPUs to
achieve higher performance and power efficiency. In such
clusters, efficient communication among processes with data
residing in GPU memory is of paramount importance to the
performance of MPI applications. This paper investigates
the efficient design of intranode MPI Allreduce operation in
GPU clusters. We propose two design alternatives that ex-
ploit in-GPU reduction and fast intranode communication
capabilities of modern GPUs. Our GPU shared-buffer aware
design and GPU-aware Binomial reduce-broadcast algorith-
mic approach provide significant speedup over MVAPICH2
by up to 22 and 16 times, respectively.
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1. INTRODUCTION
While multi-core processors have become an integral part

of clusters, equipping cluster nodes with GPU accelerators
have shown to be a promising approach to achieve higher
performance, improved performance-per-watt and better com-
pute density. Many of today’s High-Performance Computing
(HPC) clusters employ such hybrid architectures [16].

In traditional clusters, the Message Passing Interface (MPI)
[7] is the programming paradigm of choice for high-end com-
puting. In GPU clusters, while computation can be accel-
erated by being offloaded to the GPUs, processes with data
residing in GPU memory still require support from MPI li-
brary for communication. It has been shown that intranode
and internode communications between GPUs in HPC plat-
forms play an important role in the performance of scientific
applications [1, 10]. In this regard, researchers have started
looking into incorporating GPU-awareness into the MPI li-
brary, targeting both point-to-point and collective commu-
nications [12, 5, 14, 11].

In this paper, our focus is on the efficient design and im-
plementation of GPU-aware intranode MPI Allreduce col-
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lective operation. MPI Allreduce has been shown to have
high share of execution time among collective operations in
MPI applications [13]. Any performance improvement in
this operation may significantly enhance the performance of
such applications. MPI Allreduce is a computational collec-
tive operation; reductions are data parallel operations that
can highly benefit from the massive number of threads in
modern GPUs. We are targeting the intranode phase of a
hierarchical MPI Allreduce. Various algorithms [15] have
been proposed for internode MPI Allreduce in traditional
clusters that can be directly applied to the internode stage
of a hierarchical approach in GPU clusters.

Current intranode GPU-aware MPI Allreduce approaches
require staging the GPU data in host memory for a follow-up
CPU-based MPI Allreduce operation, and then moving the
result back to the GPU memory. This approach is inefficient,
as on one hand, it requires moving the data back and forth
between the GPU and the host memories. On the other
hand, it does not use the GPU computational capability in
performing the reduction operations.

NVIDIA, in CUDA 4.1 [9], introduced the Inter-Process
Communication (IPC) feature, which allows direct intran-
ode GPU-to-GPU communication. This way, there is no
need to stage the GPU data in and out of the host memory,
which can significantly enhance the performance of intra-
node inter-process GPU-to-GPU communication. Previous
research has used CUDA IPC to optimize point-to-point and
one-sided communications in MPI [12, 5]. However, to the
best of our knowledge, CUDA IPC has not been used in the
design of collective operations.

This paper contributes by proposing two design alterna-
tives for a GPU-aware intranode MPI Allreduce that, for
the first time, perform the reduction operations within the
GPU and leverage CUDA IPC for communications among
processes involved in the collective operation. The first ap-
proach, called the GPU shared-buffer aware MPI Allreduce,
gathers the pertinent data into a shared buffer area inside
the GPU global memory, does an in-GPU reduction on the
gathered data, and then copies the reduced data to other
processes. The second approach, called the GPU-aware Bi-
nomial reduce-broadcast MPI Allreduce, uses a Binomial re-
duction tree to perform in-GPU reduction operations, fol-
lowed by a broadcast operation.

We have implemented the proposed techniques in MVA-
PICH2 [8]. Our experimental results show that our GPU
shared-buffer aware MPI Allreduce is superior over the GPU-
aware Binomial reduce-broadcast design in all test cases.
The proposed designs show up to 22 and 16 times speedup



over existing MPI Allreduce in MVAPICH2, respectively.
The remainder of this paper is organized as follows. In

Section 2, we provide the background material for this work.
In Section 3, we discuss the design and implementation of
our GPU-aware MPI Allreduce approaches. We present our
experimental results in Section 4, and discuss the related
work in Section 5. Finally, in Section 6, we make concluding
remarks and outline our future work.

2. BACKGROUND

2.1 GPU Architecture and Programming
A modern GPU architecture is assembled of an array of

Streaming Multiprocessors (SM); SMs are composed of a set
of Streaming Processors (SPs). There are thousands of SPs
in a single GPU. GPUs are highly multi-threaded and par-
allel execution on GPUs is handled by these fine-grained
threads. The performance of a modern GPU is at least
1 teraflop per second on single/double precision floating-
points. As a result, GPUs can highly benefit data-parallel
and compute-intensive kernels of the applications.

Compute Unified Device Architecture (CUDA) [3] is the
software framework for programming NVIDIA GPUs. CUDA
is an extension over the ISO C, developed by the NVIDIA
Corporation. A CUDA code running on the GPU is called a
kernel, which is compiled by the NVIDIA CUDA Compiler
(NVCC). The kernels execute in a multi-threaded fashion
with the SIMD model.

2.2 MPI_Allreduce
The Message Passing Interface (MPI)[7] is the most pre-

vailing programming model in HPC clusters. MPI basi-
cally has three communication models: point-to-point, col-
lectives, and Remote Memory Access (RMA). MPI collec-
tives, which involve communications among a group of pro-
cesses, play a crucial role in the performance of MPI ap-
plications. They can be implemented in a hierarchical or
non-hierarchical fashion.

MPI Allreduce is a collective operation that performs the
reduction operation on a distributed dataset among pro-
cesses, and stores the result back in all of the participat-
ing processes. Various algorithms have been proposed for
this routine. The performance of these algorithms depends
on various factors, such as message size and number of pro-
cesses. The Binomial reduce followed by a broadcast, recur-
sive doubling and Rabenseifner algorithms are examples of
such algorithms [15].

The existing implementation of MPI Allreduce in MVA-
PICH2 moves the pertinent data from the GPU memory
to the host memory; then, a CPU-based MPI Allreduce is
performed on the data residing on the main memory; and
finally, the result moves back to the GPU memory. This
approach requires costly GPU-to-CPU and CPU-to-GPU
copies, and does not leverage any kernel function to perform
the reduction operations within the GPU.

2.3 CUDA Inter-process Communication
Any device memory or event created by a host thread

can be directly accessed by the same host thread or threads
within the same process. Threads belonging to other pro-
cesses cannot directly reference these memory areas or events.
In order to access the GPU data in remote processes, NVIDIA
in CUDA 4.1 [9], has introduced CUDA Inter-process Com-

munication API, which allows device memory pointers and
events to be shared among processes on the same node.

To use CUDA IPC, first an IPC handle for a given de-
vice memory pointer or event has to be created using cud-

aIpcGetMemHandle() or cudaIpcGetEventHandle(), respec-
tively. The handle can be passed later on to the importing
processes using standard communication features, with host
staging. Such processes will then be able to retrieve the
memory pointer or event using cudaIpcOpenMemHandle() or
cudaIpcOpenEventHandle(), respectively.

When an importing process opens the memory handle,
it returns a device pointer that would allow the address
space of the exporting process to be mapped to its own
address space. Although the importing process can access
and modify the exporting address space, the completion of
an IPC copy operation cannot be guaranteed until deter-
mined by IPC events. For that, an IPC event has to be
shared between the importing and exporting processes. The
IPC events must be created with the cudaEventInterpro-

cess and cudaEventDisableTiming flags set, in order to be
shared by processes.

3. DESIGN AND IMPLEMENTATION
Currently, GPU-aware MPI Allreduce implementations in

MPI libraries, such as MVAPICH2 [8], are capable of detect-
ing that a pointer being passed to this operation is a device
memory pointer. However, as stated earlier, the current
GPU-aware approach used to implement MPI Allreduce is
inefficient as it has the overhead of copying the result back
and forth between the device and the host memories; and it
does not benefit either from the massive fine-grained paral-
lelism in GPUs that can be specifically a good fit for reduc-
tion operations.

In our proposed designs, we perform direct GPU-to-GPU
inter-process communication, eliminating staging the data in
the host buffers by using GPU shared buffers and leveraging
CUDA IPC feature. We also perform in-GPU element-wise
reduction once the pertinent data becomes available in the
GPU shared buffers.

3.1 GPU Shared-Buffer Aware MPI_Allreduce
In this design, all of the intranode processes copy their

pertinent data residing on the GPU to a common shared
buffer area inside the GPU global memory so that the re-
duction operation could take place by the GPU afterwards,
as shown in Fig. 1. This shared buffer is a pre-allocated
area in the address space of a predefined process (without
loss of generality, we assume process with rank 0 as the pre-
defined process), which is then exposed to other processes.
Processes exploit CUDA IPC to communicate through the
GPU shared buffer region. Processes on the node also have
access to a shared directory, which is responsible for indi-
cating the completion of IPC copy operations. The shared
directory can be allocated either on the GPU global mem-
ory or on the host memory. We have evaluated both design
alternatives, and decided to keep the directory on the host
memory (please refer to Section 3.3 for more details).

The size of the shared directory is intra_comm_size bits,
in which intra_comm_size represents the number of pro-
cesses on the node. Each of the first intra_comm_size - 1

bits (copy flags - see Fig. 1) is associated with one pro-
cess rank, and is set once that process initiates its IPC copy
into the GPU shared buffer. The last bit in the directory
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Figure 1: Steps of the GPU shared-buffer aware approach for MPI Allreduce.

(completion flag) indicates the completion of the reduc-
tion operation and the availability of the results in the GPU
shared buffer. This bit is set by process with rank 0.

The GPU shared buffer area should be sufficiently large to
hold the gathered dataset from all intranode processes (256
MB in our experiments). This is directly related to the num-
ber of processes/GPUs per node, as well as the size of the
dataset that are typically in use in applications leveraging
MPI Allreduce. As such, the size of allocated GPU shared
buffer is much less than the amount of global memory avail-
able in modern GPUs. Therefore, this is not a scalability
concern in our design.

Basic Steps of the Design: Fig. 1 depicts the steps
involved in the GPU shared-buffer aware MPI Allreduce de-
sign. These steps are as follows:
Step 1. All processes copy their share of data from their

send buffers into their associated addresses in the GPU shared
buffer area.
Step 2. All processes (except process 0) set their as-

sociated copy flags in the shared directory after initiating
their IPC copies.
Step 3. Process 0 waits on all copy flags to be set (this

step can overlap with Step 2).
Step 4. Once all copy flags are set, all pertinent data

is available in the GPU shared buffer. Process 0 then per-
forms in-GPU element-wise reduction on the aggregated data,
and will then place it into the predefined location inside the
GPU shared buffer.
Step 5. Once in-GPU reduction completes, process 0

toggles the completion flag to inform other processes that
the reduction operation is completed.
Step 6. All processes (except process 0) query the com-

pletion flag (this step can overlap with Steps 3, 4, and
5).
Step 7. Once the completion flag is toggled, all pro-

cesses copy the result into their respective receive buffers.
Note that in Step 5, the completion flag has to be tog-

gled in each instance of MPI Allreduce call; otherwise, suc-
cessive MPI Allreduce calls may end up reading stale data.

Implementation Details: The GPU shared-buffer aware
approach leverages pre-allocated CPU and GPU shared buff-
ers. The CPU shared memory region is allocated during

MPI initialization stage, MPI_Init(), and is attached to the
address space of intranode processes. The memory handle
of the GPU shared buffer is also created, broadcast and
mapped to the address space of other processes during this
stage. This is done only once to mitigate the costly opera-
tion of exposing the GPU shared buffer address space.

IPC copies in CUDA have an asynchronous behavior, even
if synchronous CUDA memory copy operations are issued on
the shared region. Therefore, the copy flags in the shared
directory only indicate the initiation of the IPC copies, but
not their completion. To guarantee the completion of the
IPC copies, we leverage the IPC events. The IPC event can
be shared and used among processes residing on the same
node. To share an IPC event, the handle of the allocated
event is created and passed on by the predefined process
to the other processes. To guarantee the completion of the
IPC copies, immediately after each IPC copy (Step 1 in Fig.
1), an IPC event is recorded using cudaEventRecord(), and
then the associated copy flag in the shared directory is
set (Step 2). Once all copy flags are set, it is an indi-
cation that all of the IPC events are recorded. Once pro-

cess 0 finds out that all copy flags have been set, it issues
cudaStreamWaitEvent() on the IPC event which waits on
the final recorded event. The process blocks on the cudaS-

treamWaitEvent() until the last recorded IPC event on the
other processes reports completion. This way, the comple-
tion of the IPC copy operations will be guaranteed. Finally,
all of the allocated shared buffers and events are freed and
destroyed in the MPI_Finalize() call.

3.2 GPU-Aware Binomial Reduce-Broadcast
MPI_Allreduce

In order to compare a well-known MPI Allreduce algo-
rithm against our GPU shared-buffer aware design, we have
opted to implement the Binomial tree algorithm (for the re-
duction step) followed by a broadcast operation (Binomial
reduce-broadcast). In the following, we try to articulate this
decision. The Binomial reduce-broadcast and the Raben-
seifner [15] are two of the well-known MPI Allreduce algo-
rithms. In the Binomial tree algorithm, the full vector is
passed and the distance between communicating processes
doubles after each step; it takes dlog(n)e steps (n is the



number of intranode processes) to reduce the data. In the
Rabenseifner algorithm, MPI Allreduce is performed by a
reduce-scatter followed by an allgather operation. In the
reduce-scatter phase, each process performs a reduction op-
eration on the received data in each step of the algorithm.
On the other hand, the Binomial tree reduction has much
less number of reductions, though the vector size is larger.
We note that the timing difference between GPU reduction
operations on large and short vectors was not a bottleneck in
our approach. We also had the same observation on in-GPU
copies; in fact, it is better to have less number of copies with
larger messages on the GPU instead of having more num-
ber of copies with smaller messages. This effectively means
that there are fewer serializations on the GPU in the case
of the Binomial algorithm. All in all, considering that com-
putation and communication by different processes cannot
be parallelized on the GPU due to the current CUDA IPC
limit, we believe that the Binomial reduce-broadcast might
be a more suitable algorithmic approach for the GPUs.

In the Binomial reduce-broadcast approach, we again use
both GPU and host shared buffers. IPC events are similarly
used in conjunction with a directory to indicate the comple-
tion of the IPC copies. In this approach, unlike the GPU
Shared-buffer aware approach, the GPU shared buffer is dis-
tributed among processes for inter-process communication.

Basic Steps of the Design: For the sake of brevity, we
only present the basic steps involved in the first tree level of
our GPU-aware Binomial reduce for MPI Allreduce.
Step 1. All processes copy the data in their send buffers

into their receive buffers (receive buffers are used as tempo-
rary space to hold the intermediate reduction data).
Step 2. Odd processes IPC copy the contents of their

receive buffers into the GPU shared buffers of their adjacent
even processes.
Step 3. Odd processes set their associated copy flags

in the directory after initiating their IPC copies.
Step 4. Even processes query the directory (this step can

overlap with Step 3).
Step 5. Once copy flags are set, each even process per-

forms an element-wise reduction between the data in its
GPU receive buffer and the pertinent data in its shared
buffer. The reduced result is stored back into the receive
buffer and the algorithm proceeds to the next level.

This process continues for the next tree levels following
the Binomial tree algorithm, until process 0 performs the
last reduction operation; it then stores the result into its
GPU shared buffer and toggles the completion flag. In
the meantime, other processes are querying the completion

flag, and once set they copy the result into their own receive
buffers. It is worth mentioning that it is possible to delay the
reduction operation to a later tree level (e.g., one reduction
in every two or three levels); however, this requires larger
shared buffers to hold the intermediate data. Our evaluation
has shown that this has a negligible impact on performance.

Implementation Details: As discussed earlier, in this
approach we use shared buffers both on the host and on the
GPU. The shared buffer on the GPU is allocated by only half
of the participating processes. Thus, the size of the shared
buffer in this approach is half the size of the shared buffer
in the GPU shared-buffer aware approach. The directory is
allocated on the host memory and its size is also half the size
of the directory in the GPU shared-buffer aware approach.
The memory and event handles are created and passed along

during the MPI initialization time.
In this algorithm the order of communications and com-

putations are guaranteed by enforcing processes belonging
to the same tree level to only communicate with each other.
The tree level of each sending process is stored in its asso-
ciated entry in the shared directory. This way, the sending
and receiving processes can check and match their tree lev-
els before triggering IPC copies. Initiation of IPC copies
in each tree level indicates that all of the copies in previ-
ous tree levels are completed. Hence, ordered communica-
tion/computation are guaranteed, which prevents the po-
tential of any race condition.

3.3 Other Design Considerations
Both of the designs proposed in this paper allocate the

shared buffer on the GPU while the directory is kept on the
host main memory. In the first glance having the directory
on the GPU memory with a kernel function querying its
entries seems to be justified; however, this can potentially
lead to spin-waiting on the directory forever, as the process
querying the directory will take over the GPU resources and
would prohibit other processes to access them. We tried to
address this issue by forcing the querying process to release
the GPU in time-steps. However, the performance results
were not promising, and selecting the appropriate value for
the time-step was dependent on many factors such as mes-
sage size and process count.

We also tried to query the directory using CUDA asyn-
chronous copy operations. Though this approach was feasi-
ble, it had high detrimental effect on the performance. The
performance slowdown is basically due to the high number
of asynchronous copy calls issued by the querying processes.
These calls have to be synchronized at the beginning of each
MPI Allreduce invocation. Synchronization calls are costly,
as they require waiting on all previously issued copies on the
directory to complete. Avoiding synchronization calls can
result in accessing stale data on the directory, which were
stored in the previous invocation of MPI Allreduce. This
can ultimately result in inaccurate directory checking.

We also evaluated the effect of Hyper-Q feature in our de-
signs. Hyper-Q allows multiple CPU threads or processes
to launch work simultaneously on a single GPU. However,
Hyper-Q (in CUDA 5.5) does not support CUDA IPC calls.
In this regard, we modified our shared-buffer approach such
that it does not use the CUDA IPC calls. To do so, we kept
both directory and the shared buffers on the host memory.
The host shared buffer was used to stage the data for GPU-
to-GPU communication. The performance results of this
approach with Hyper-Q enabled compared to Hyper-Q dis-
abled showed only marginal improvement on large message
sizes. The overhead of this approach is mainly due to the
high cost of the data copy between host and GPU, and vice
versa; on top of that, Hyper-Q works efficiently when pro-
cesses only share computational resources of a single GPU
(with no or few copies between the host and GPU). The
reason lies in the fact that such copies are limited by the
number of CPU and GPU memory controllers; thus, Hyper-
Q does not parallelize GPU memory operations the way it
does on computing operations.

Taking everything into consideration, with the current
limitation on CUDA IPC, the best way to exploit this fea-
ture in our designs is to allocate the directory on the host
main memory, while keeping the shared buffer on the GPU.
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Figure 2: MVAPICH2 vs. GPU shared-buffer aware vs. Binomial reduce-broadcast MPI Allreduce.

4. EXPERIMENTAL RESULTS
Our experimental system is a 16-core node equipped with

an NVIDIA Kepler K20M GPU. The node has a dual socket
Intel XEON E5-2650 clocked at 2.0 GHz, a 64 GB of mem-
ory, and is running a 64-bit Red Hat Enterprise Linux 6.2
and CUDA Toolkit 5.5. Our experimental results evalu-
ate the proposed designs against MVAPICH2-1.9, using the
OSU Micro-Benchmark 4.3 configured to support GPUs [2].

We present the results with various message sizes (4B -
16MB) on 4, 8, and 16 processes, in Fig. 2. Our results in
different runs are consistent as ordered communications and
computations in both designs prevent round-off errors.

According to Fig. 2, the GPU shared-buffer aware ap-
proach beats MVAPICH2 for all message sizes on 4 and 8
processes, while on 16 processes the benefit of the approach
starts at message sizes greater than 16KB. The proposed de-
signs show up to 22 times speedup over MVAPICH2. This is
mainly due to the high cost of data staging in host memory
as well as CPU-based reductions, used in the conventional
design of MPI Allreduce in MVAPICH2, compared to the
lower cost of IPC copies and in-GPU reductions in our de-
signs, especially for larger messages.

Clearly, the GPU shared-buffer aware approach beats the
GPU-aware Binomial reduce-broadcast approach in all test
cases. In all three cases, our results show a consistent be-
havior up to 128KB message sizes. The message size in this
range has little effect on IPC copies and in-GPU reductions;
however, as the message size increases, the reduction time
and IPC time increase more rapidly. On the other hand, the
costs of directory checking and issuing events are indepen-

dent of message size.
As we increase the number of processes, the number of

IPC calls also increases. The time for IPC calls mainly de-
termines the total execution time of our approaches. These
IPC calls cannot overlap, thus increasing the number of pro-
cesses increases the total execution time, accordingly.

Initialization Overhead: Recall that in our designs,
both of the host and GPU shared buffers are created dur-
ing MPI_Init() and freed during MPI_Finalize(). For an
application to benefit from the proposed designs, the one-
time cost of this initialization overhead must be amortized.
Fig. 3 shows the number of MPI Allreduce calls required to
compensate this initialization overhead in the GPU shared-
buffer aware approach. As can be seen, for large message
sizes, a few MPI Allreduce calls (only a single call, in most
cases) are just required to compensate for this overhead. For
smaller messages, more calls are required. Note that, for the
16-process case, we have not shown the results for messages
up to 16KB, as in this case the benefit of our approach starts
at messages greater than 16KB (Fig 2.c).

5. RELATED WORK
There is a large body of literature showing the benefit of

intranode communications in MPI hierarchical collectives in
the CPU domain [4, 6]. Graham and Shipman showed the
benefit of using on-node shared memory for various intran-
ode MPI collectives [4]. Li et al. improved the performance
of MPI collectives on clusters of NUMA nodes [6]; they pro-
posed a multithreading-based MPI Allreduce, which lever-
ages shared memory for data transfers. While these studies
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Figure 3: Number of MPI Allreduce calls required
to compensate for the initialization overhead.

consider intranode collectives in the CPU domain, our work
targets intranode collectives in the GPU domain.

Some researchers have studied internode collective oper-
ations in GPU clusters [14, 11]. Singh et al. optimized in-
ternode MPI Alltoall by basically overlapping network com-
munication with the data movement between the CPU and
the GPU [14]. Potluri et al. proposed various designs for
internode MPI communications between GPU memories us-
ing GPUDirect RDMA [11]. The authors, as a part of their
work, showed the benefit of GPUDirect on some MPI collec-
tives. Their work targets collective communications among
GPUs on different nodes and does not address intranode
collective operations. Our work, on the other hand, targets
intranode collectives and utilizes CUDA IPC feature.

The benefit of using CUDA IPC feature in intranode com-
munications is studied in [12, 5]. However, this feature is
only explored for one-sided and two-sided communications.
Our paper, on the other hand, evaluates the benefit of this
feature for intranode MPI Allreduce collective.

6. CONCLUSION AND FUTURE WORK
Improving the performance of MPI Allreduce is highly de-

sirable. We investigated the efficient design and implemen-
tation of intranode MPI Allreduce in GPU clusters. We pro-
posed two design alternatives: a GPU shared-buffer aware,
and a Binomial reduce-broadcast MPI Allreduce. Both pro-
posals use IPC copies and in-GPU reductions, along with
GPU and host shared-buffers to achieve performance.

We discussed that the GPU shared-buffer aware approach
is the best way to perform intranode MPI Allreduce with
the current restrictions on CUDA IPC. The results show
that the GPU shared-buffer aware approach provides an im-
provement over the Binomial reduce-broadcast algorithm in
all test cases. Both designs provide significant speedup over
MVAPICH2 by up to 22 and 16 times, respectively.

As for future work, we first want to evaluate our designs on
a larger multi-socket testbed. We would also like to extend
our work to across the cluster by considering the internode
stage of the hierarchical approach. Our proposed techniques,
with minor changes, can also be applied to other collective
operations; thus, we intend to evaluate our techniques as a
general framework for MPI collective operations. NVIDIA
in its very recent release of CUDA (CUDA 6.0) apparently
supports CUDA IPC to work with Hyper-Q. As a part of fu-
ture work, we are interested to evaluate our proposed tech-
niques and come up with new designs for MPI Allreduce and
other collectives with this new release.
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