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ABSTRACT
We need simpler mechanisms to leverage the performance of accel-
erators, such as GPUs, in supercomputers. Programming models
like OpenMP offer simple-to-use but powerful directive-based of-
fload mechanisms. By default, these models naively copy data to or
from the device without overlapping computation. So, achieving
better performance can require extensive hand-tuning to apply
optimizations, such as pipelining. Users must manually partition
data whenever it exceeds device memory. Our directive-based par-
titioning and pipelining extension for accelerators [2] overlaps
data transfers and kernel computation without explicit user data-
splitting. We compare a prototype implementation of our extension
to NVIDIA’s Unified Memory on the Pascal P100 GPU and find that
our extension outperforms Unified Memory on average by 68% for
data sets that fit into GPU memory and 550% for those that do not.

1 INTRODUCTION
Systems with accelerators, particularly GPUs, are becoming promi-
nent on the Top500 [3]. Many programming models support these
systems, but rather than grapple with unfamiliar programming
models, scientists often prefer to keep their existing verified C,
C++ or Fortran code. OpenMP, since version 4.0 [5, 6], allows for
the straightforward adoption of that existing code. Without ex-
tensively rewriting code, users can add directives to offload their
computation.

We extend OpenMP to automatically partition data and overlap
transfers with computation through pipelining. Our extensions
allow data to be mapped into a small buffer to reduce memory
use. This simple interface can reduce memory use and improve
performance significantly [2].

Recently, NVIDIA announced the latest update to their Unified
Memory (UM) [4] feature with CUDA 8 on Pascal GPUs [1]. Because
GPU page faults are supported, UM offers an alternative memory
oversubscription mechanism. Furthermore, CUDA 8 includes sev-
eral UM optimizations, e.g., prefetching and duplication.

We evaluate a prototype of our partitioning and pipelining exten-
sion using two applications and compare it to UM on the Pascal P100

GPU using multiple data sets. The results show that our partition-
ing and pipelining extension can dramatically reduce memory use
while delivering competitive performance. Our extension outper-
forms NVIDIA’s Unified Memory in most cases, particularly when
the dataset size significantly exceeds the available GPU memory.

2 DESIGN
We briefly introduce the clauses that our extension adds. The
pipeline_map clause extends the semantics of the map clause,
which makes all data available at the beginning and/or at the
end of the region. Our pipeline_map clause splits the data up-
dates and subsequent loop computation into multiple subtasks. As
with map, the map_type specifies the data transfer direction. The
array_split_list defines how to split the arrays. The format of
this parameter is <var>[split_iter:size][0:m]. The <var> is
the variable or base pointer of an array. The [split_iter:size]
parameter identifies the dimension to split while split_iter is a
function of the loop variable of the subsequent loop. The function
defines the split starting offset in that dimension while the size
defines the range. The chunk_size is the number of indices in the
subsequent loop that we handle in each device buffer (potentially
fewer in the last chunk). The num_stream parameter determines
the number of GPU streams used, which is the number of chunks
that we launch asynchronously. We can also limit memory use with
the pipeline_mem_limit() clause.

3 EXPERIMENTS AND EVALUATION
We evaluate two applications (3D Convolution and Matrix Multipli-
cation) using our prototype runtime framework that implements
our pipelining extension.

3.1 3D Convolution Benchmark
We implemented six versions of 3D Convolution. First, our baseline
OpenACC version, which is denoted as "acc", uses that model’s
naive offload method. Our "acc-async" version uses OpenACC APIs
to pipeline the data transfer and kernel computation by splitting
the task into multiple chunks. The "framework" version uses our
prototype runtime framework. We also implement three versions
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Figure 1: Normalized Execution Time and Dataset Size

that use UM; “um” uses the managed memory for the baseline
version. The other two use GPU prefetching and CPU prefetching.

Figure 1b shows the data sizes that we use with the 3D Convolu-
tion benchmark. Our two small data sets fit into GPU memory. The
third data set size is exactly 16 GB but does not fit into the P100
memory because of runtime memory overhead. The input data of
our two large problems exceed the memory limit.

Figure 1a shows the execution times of 3D Convolution versions,
normalized to the "framework" version. Pipelining the computa-
tional kernel and data transfers can provide 1.4X speedup over naive
and the same performance as "acc-async" when the data set fits
into GPU memory. However, the naive version and “acc-async” fail
with larger data sets. The UM executes all test cases correctly but
GPU and/or CPU prefetching improve its performance significantly.
The UM version is about 1.5X slower than the framework version
for small test cases and 3.5X slower for large sets. We found that
although we assign multiple GPU streams for the UM prefetching
versions, they only use 1 GPU stream because PGI disabled asyn-
chronous support for P100 and oldr GPUs when managed memory
is used to avoid segment faults that can arise if the host and device
access the same address.

3.2 Matrix Multiplication Benchmark
Figure 1b shows the data sizes that we use for Matrix Multiplication.
We have two small and two medium data sets that fit into the GPU
memory, one large data set that slightly exceeds the GPU memory
and one large data set that significantly exceeds the GPU memory.

Figure 1c shows the normalized execution times of the Matrix
Multiplication benchmark. First, we can observe that the block
matrix multiplication algorithm can provide 1.5X to 2X speedup
over the naive matrix multiplication algorithm. We also find that
prefetching technique is not effective as we observe little perfor-
mance improvement (usually less than 2%) after applying it. If the
data set fits into the GPU memory, the UM versions provide about
96% to 99% performance compared to their corresponding version

without using UM, which appears to indicate that the compiler
applies optimization that automatically alleviate the GPU page-
fault overhead, which makes prefetching less effective. However,
if we continue to increase the data set size, making it much larger
than the 16-GB GPU memory, the UM version of the naive matrix
multiplication algorithm maintains the same performance differ-
ence. However, the Block UM version shows huge performance
degradation (14X), which appears to indicate that the compiler opti-
mizations result in additional data transfers due to non-contiguous
data.

4 CONCLUSION
We present a directive-based pipelining extension for offload mod-
els such as OpenMP 4.X. Our extension allows GPU programmers
to pipeline data transfers without major refactoring, thus automat-
ing the overlap of computation and communication. Furthermore,
mapping subsections of the host array to a device buffer reduces
memory requirements. Our results show that our extension can
significantly reduce memory consumption and deliver excellent
performance. It outperforms NVIDIA’s Unified Memory versions,
achieving speedups on average of 68% for data sets that fit into
GPU memory and 550% for those that do not.
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