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ABSTRACT

The latest OpenMP standard offers automatic device offload-
ing capabilities which facilitate GPU programming. Despite
this, there remain many challenges. One of these is the uni-
fied memory feature introduced in recent GPUs. GPUs in
current and future HPC systems have enhanced support for
unified memory space. In such systems, CPU and GPU can
access each other’s memory transparently, that is, the data
movement is managed automatically by the underlying sys-
tem software and hardware. Memory over subscription is also
possible in these systems. However, there is a significant lack
of knowledge about how this mechanism will perform, and
how programmers should use it. We have modified several
benchmarks codes, in the Rodinia benchmark suite, to study
the behavior of OpenMP accelerator extensions and have
used them to explore the impact of unified memory in an
OpenMP context. We moreover modified the open source
LLVM compiler to allow OpenMP programs to exploit unified
memory. The results of our evaluation reveal that, while the
performance of unified memory is comparable with thatof
normal GPU offloading for benchmarks with little data reuse,
it suffers from significant overhead when GPU memory is
over subcribed for benchmarks with large amount of data
reuse. Based on these results, we provide several guidelines
for programmers to achieve better performance with unified
memory.
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1 INTRODUCTION

As the de facto directive based parallel programming model,
OpenMP has been adopted extensively in the supercomputing
world and gains more and more attention in general purpose
computing [8]. Using OpenMP directives and its APIs, several
parallel patterns such as loop level and task based parallelism
can be expressed. Thus, OpenMP facilitates CPU parallel
programming in shared memory systems significantly.

Instead of CPUs, today’s systems rely more on hardware
accelerators like GPUs to achieve performance goals. As the
current most popular accelerator, the massive multi-threading
ability of GPUs can especially benefit applications with large
amount of parallelism, such as scientific computations and
machine learning. Therefore, GPUs will remain a crucial
component in supercomputing systems in the foreseeable
future. For instance, the next generation supercomputer in
ORNL, Summit, will be equipped with 6 NVIDIA Volta
GPUs on each node [1].

In order to leverage accelerators like GPUs, OpenMP 4.0
introduced the ability to offload computations to accelerators
[3]. It is called device offloading. The offloading devices can
include GPUs, FPGAs, DSPs, etc. GPU offloading is arguably
the most important one among them currently. Compared
to native GPU programming models such as CUDA [19] and
OpenCL [22], using OpenMP for GPU programming has a
shorter learning curve for users and is more performance
portable. Compared to other directive based methods like
OpenACC [2], OpenMP has a broader user community and
is more widely available. Therefore, we expect the number of
OpenMP+GPU users to continue to grow.

Despite this, many challenges remain to be addressed to
make OpenMP GPU offloading performance competent. One
of the most important ones is the lack of support for unified
virtual memory (UVM)1. Normally, CPU and GPU have
separate memory. Before the introduction of unified memory,
host and devices would use separate memory space. As a
result, CPU and GPU could not access each other’s memory,

1We use terms unified virtual memory, UVM, and unified memory
interchangeably in this paper.
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and communication between CPU and its devices had to be
managed by programmers explicitly.

Now, with unified memory, a single memory space shared
by both CPU and GPU is used to unify the previously sep-
arated memory spaces. This permits the host to refer to
memory locations on the attached devices, and the devices to
access addresses on their host. In addition, the data movement
is managed by the underlying system software automatically.
Unified memory on pre-Pascal GPUs behaves identical to
cases when not using it: all data needs to be transferred to
GPU before execution. The only difference is that the pro-
grammer is not required to handle it explicitly, rather this is
managed automatically by the software. On the other hand,
Pascal and later GPUs support on-demand page migration,
which is a big step forward, and brings two major advantages.

First, the copying process of complex data structures is
greatly simplified; there is no need for address translation,
and CPU and GPU can use the same pointer. Second, lever-
aging the unified memory feature makes it feasible to run
kernels with memory footprints larger than the GPU memory
capacity. Without on demand page migration, GPU offloading
is possible only when dataset fits into GPU memory. While
with it, part of data can reside in CPU memory, and the GPU
will fetch them to its own memory when they are actually
required in the computation. These advantages, promote the
use of unified memory by using OpenMP as a vehicle to ease
the process of GPU programming.

However, there is a significant lack of knowledge regarding
how unified memory performs and how programming models
should use it, especially with the on-demand page migration
support in Pascal and later GPUs2. To the best of our knowl-
edge, there is no comprehensive performance study for it
yet. Programmers tend to think unified memory can deliver
similar performance compared with cases when it is not used,
and no extra work needs to be done. However, as we will
show in Section 3, straightforward unified memory usage can
result in significant performance degradation without careful
coding and tuning. Therefore, we believe a comprehensive
study of unified memory is in great need and critical.

In this paper, we develop a set of benchmarks and use them
to study the performance of unified memory. Our benchmarks
have been ported from the Rodinia benchmark suite [6], which
is widely used in GPU performance evaluation. Since there
are very few public available benchmarks for OpenMP GPU
offloading, we first develop a set of OpenMP GPU offload-
ing benchmarks. We also plan to make these benchmarks
publicly available later. Upon them, we further add unified
memory support by modifying the LLVM compiler [14] and
using OpenMP directives/clauses in various ways. Finally,
we conduct a performance study on these benchmarks. The
contributions of this paper are the following:

∙ We develop a set of benchmarks for OpenMP GPU
offloading both using and not using unified memory.
Using these benchmarks, we analyze and identify the

2In the rest of this paper, unified memory means unified memory with
on demand page migration support unless otherwise stated.

inefficiency existing in the default unified memory man-
agement policy. These benchmarks also demonstrate
that using unified memory can simplify OpenMP GPU
programming significantly, especially when transferring
complex data structures is needed.

∙ To the best of our knowledge, we conduct the first
comprehensive performance study for unified memory.
We show cases when unified memory performs well
and when it does not. We believe the findings in this
paper can help programmers make better use of unified
memory capabilities.

∙ We introduce a light-weight method to use unified
memory within the current OpenMP framework, with
negligible modifications to the OpenMP runtime.

∙ Based on the analysis results, we provide several pro-
gramming guidelines for unified memory. Users can
improve the performance of their applications follow-
ing these guidelines when using unified memory.

The rest of this paper is organized as follows: Section 2
presents the developed benchmarks for OpenMP GPU offload-
ing and unified memory. Section 3 evaluates the performance
using the ported benchmarks. In Section 4, we describe how
to improve the performance of unified memory. Section 5
discusses some related work. Finally, Section 6 consists of the
conclusion of this paper.

2 BENCHMARK DEVELOPMENT

Although there are plenty of OpenMP benchmark suites pub-
licly available, little effort has been put into OpenMP GPU
offloading benchmarking since it is relatively new in OpenMP.
To the best of our knowledge, there are very few public avail-
able benchmarks for OpenMP GPU offloading. (Benchmarks
like SPEC for OpenMP 4.5 are still under construction.)

As the first step, we develop a set of benchmarks that use
OpenMP GPU offloading. We choose the OpenMP bench-
mark subset of the Rodinia benchmark suite [6] as our base-
line, and extend it to make use of GPU offloading. Once we
complete the porting the complete suite we will release our
code and try to make it an official part of Rodinia.

Rodinia was originally developed by Che et al. at University
of Virginia to benchmark GPUs. Since its first release, many
people have made contributions to Rodinia, and it is still
evolving. Rodinia is one of the most widely used benchmark
suites for GPU benchmarking nowadays.

Compared to other GPU benchmark suites such as Par-
boil [23], SHOC [9], and PolyBench/ACC [10], Rodinia has
several advantages. First, benchmarks exhibit more irregular
behavior, and thus are more challenging to implement and
optimize for GPU execution. Next, Rodinia consists of a
wider class of benchmarks compared to others. It covers the
spectrum of scientific simulation, machine learning, graph
processing, data processing, linear algebra, etc. Moreover,
Rodinia benchmarks are written in multiple programming
models, including CUDA, OpenCL, and OpenMP, which
makes it relatively easy to extend. Note that the current
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Application Domain Description

Back Propagation
(Backprop)

Pattern
Recognition

Back Propagation is a machine-learning algorithm that trains the weights of connecting
nodes on a layered neural network.

Breadth First
Search (BFS)

Graph
Algorithms

Graph algorithms are fundamental and widely used in many disciplines and application

areas. Large graphs involving millions of vertices are common in scientific and engineering

applications. Breadth First Search traverses all the connected components in a graph.

CFD Solver

(CFD)
Fluid Dynamics

The CFD solver is an unstructured grid finite volume solver for the three-dimensional Euler
equations for compressible flow.

K-means Data Mining
K-means is a clustering algorithm used extensively in data-mining and elsewhere,
important primarily for its simplicity. Many data-mining algorithms show a high degree of

data parallelism.

k-Nearest

Neighbors (NN)
Data Mining

Nearest Neighbor finds the k-nearest neighbors from an unstructured data set. The

sequential NN algorithm reads in one record at a time, calculates the Euclidean distance
from the target latitude and longitude, and evaluates the k nearest neighbors. The parallel

versions read in many records at a time, execute the distance calculation on multiple

threads, and the master thread updates the list of nearest neighbors.

Speckle Reducing

Anisotropic
Diffusion (SRAD)

Image Processing

SRAD is a diffusion method for ultrasonic and radar imaging applications based on partial
differential equations (PDEs). It is used to remove locally correlated noise, known as

speckles, without destroying important image features. SRAD consists of several pieces of

work: image extraction, continuous iterations over the image (preparation, reduction,
statistics, computation 1 and computation 2) and image compression. The sequential

dependency between all of these stages requires synchronization after each stage (because

each stage operates on the entire image).

Table 1: Benchmark details.

OpenMP version in Rodinia is for CPU and does not include
GPU offloading.

By default, the current OpenMP implementation does not
allocate data in unified memory. Users need to explicitly
specify how to map data to GPU, and OpenMP runtime
will use the provided information to manage data transfers
between host and device. Therefore extra effort needs to
be made to investigate the unified memory performance for
OpenMP GPU offloading. In Section 2.2, we discuss the
modifications done to the OpenMP implementation in the
LLVM framework in order to provide mechanisms that allow
using unified memory allocation. We also exploit existing
OpenMP offloading features to prevent the OpenMP runtime
from moving data explicitly. Table 1 summarizes the subset
of benchmarks used in the paper.

2.1 Benchmarking OpenMP GPU
Offloading

OpenMP device offloading includes two essential parts: 1)
mapping data between host (i.e., CPU) and device (GPU in
this paper) since they cannot address each other’s memory by
default, and 2) offloading computations from host to device.
In this subsection, we discuss how these two parts work.

Data Mapping. Fig. 1 shows how GPU offloading gen-
erally works in OpenMP. Suppose we have two 2D arrays
A and B and perform matrix addition on them to create
array C. Initially all the data is located in the CPU memory.
Recall that the GPU cannot access these data without the
support of unified memory. In order for the GPU to access
host data, OpenMP needs some mechanisms to facilitate
GPU data allocation and transfer between the CPU and the

GPU. This is achieved by using the target data directives
and map clauses which instruct the OpenMP runtime to allo-
cate the corresponding data copy in the device, followed by
a synchronization between the copies of the host and device.
The C code for the example in Figure 1 is given in Listing 1.

Listing 1: OpenMP GPU offloading code example.

#pragma omp target data map(to: A, B) map(from: C)

{

#pragma omp target teams distribute

for (int i = 0; i < N; i++) {

#pragma omp parallel for

for (int j = 0; j < M; j++)

C[i][j] = A[i][j] + B[i][j];

}

}

In this code segment, the map clauses instruct OpenMP to
copy the values of array A and B from the CPU to GPU at

CPU GPU

target data begin

target function

target data end

C = A + B

A[][], B[][]

transfer function

C[][]

Figure 1: Traditional OpenMP GPU offloading with-
out unified memory.
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C

P

U

GPU
C[0][] C[1][] C[n][]

C[0][k] C[1][k] C[n][k]

Thread blocks

Figure 2: Two level of parallelism.

the start of the target data region with the keyword to. It
also instructs to copy array C from GPU to CPU at the end of
the target data region with the keyword from. Note that the
keyword tofrom can be used to enforce data synchronizations
both at the beginning and at the end of the data region (i.e.,
when copying-in and copying-out).

Computation Offloading. Once the data mapping has
completed, control is transferred to the GPU. This is done
by using the target directive as shown in Listing 1. Then,
the computation is offloaded to the device when the data
synchronization is finished. After this, the compiler packs
the target region into a function, which is transferred to the
target device, i.e., to the GPU. Upon termination of the
offloaded kernel, the control returns to the CPU.

Unlike OpenMP’s flat threading model on CPUs, GPUs
have a hierarchical thread organization: a GPU kernel is
composed by multiple thread blocks, and each thread block
consists of multiple threads3. Different thread blocks can
execute in parallel, as well as different threads within the
same thread block. To fully exploit this two level of paral-
lelism, OpenMP introduces a new concept called team besides
traditional thread. A team corresponds to a thread block in
the GPU context, and it can include multiple threads, which
correspond to threads within a GPU thread block.

At the beginning of a target region, only one team and
one member thread is active. To have multiple teams, we use
the directive teams distribute at first, which distributes
the entire loop iteration space among all teams. Further, if
there are additional nested parallel loops, we use the direc-
tive parallel for upon them to distribute the nested loop
iterations among threads within a team as shown in Listing 1.
In scenarios when there is only one level of parallel loops, or
when there is enough parallelism in the outer loop, we make
use of the combined directive teams distribute parallel

for to distribute the iteration space of one loop both among
teams and threads within a team. Figure 2 illustrates a typ-
ical workload partition among teams and threads for the
example of Listing 1.

Deep Copy Challenge. During the process of imple-
menting GPU offloading on our benchmarks, we found that

3NVIDIA terminology is used in this paper. Thread block is called
workgroup in AMD terminology.

the most challenging and error-prone part is to map complex
data structures between the host and the device, many of
which can make use of pointers to access different memory re-
gions. This constitutes a strong case for the need of deep copy.
Listing 2 shows the main data structure BPNN in the Backprop
benchmark. Besides scalar variables, it also includes many
pointers that refer to the actual data storage of a neural
network. It is not sufficient to just map an instance of BPNN
to the GPU memory in this scenario, since the pointers stored
in it are still pointing to the CPU memory, where the GPU
cannot access.

To solve this problem, we need to explicitly map all the
memory regions that the pointers within BPNN point to. We
also need to create another instance of BPNN where all the
pointers have been modified to point to the corresponding
GPU memory regions before mapping it to the GPU. Poten-
tial pointer aliasing makes this process even more complicated
because the programmer needs to guarantee that all aliasing
pointers are translated correctly. It is a non-trivial job to
map all data correctly. It requires deep knowledge about the
ported application. This process took the most time in our
benchmark development. As we will see in Section 2.2, unified
memory helps alleviate this problem significantly.

Listing 2: The BPNN structure in Backprop.

typedef struct {

int input_n;

int hidden_n;

int output_n;

float *input_units;

float *hidden_units;

float *output_units;

float *hidden_delta;

float *output_delta;

float *target;

float **input_weights;

float **hidden_weights;

float **input_prev_weights;

float **hidden_prev_weights;

} BPNN;

2.2 Benchmarking Unified Memory

As shown in Section 2.1, in current OpenMP GPU offloading,
map clauses are used to perform the GPU data allocation
as well as the data movement between CPU/GPU. In such
scenarios, it is the responsibility of the OpenMP runtime to
allocate data in the GPU memory and to generate explicit
data transfers to make sure the data is in a coherent state.
However, when using unified memory, we would like the
underlying system to manage these things automatically.
Figure 3 illustrates how the function and data transfers work
in the presence of unified memory. Therefore, in order for
OpenMP to use unified memory, first, we need its runtime
to relinquish the data movement management.

To do this, map clauses should not be used in the presence
of unified memory. To make things more complicated, the
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CPU GPU

target function

C = A + B

transfer function

transfer data
when required

Figure 3: OpenMP GPU offloading with unified
memory.

current implementation of the OpenMP runtime keeps records
of all the GPU and CPU data and their relationship. If the
map clause is not used for a pointer in the target region,
the OpenMP runtime will assume that this pointer is the
CPU copy and try to find the corresponding GPU copy in
its records. This raises another problem since there is no
such copy in the presence of unified memory, and CPU and
GPU just refer to the same data. The approach we follow to
address this issue, is to use is device ptr clauses to inform
the OpenMP runtime that a particular pointer can in fact
be used by the GPU.

The last problem encountered is that the current OpenMP
implementation never allocates GPU data using unified mem-
ory allocation APIs. Therefore, we modify the OpenMP
runtime in the LLVM framework to make it allocate data
in unified memory. To be more specific, we modify the
OpenMP runtime API omp target alloc so that it will use
the unified memory allocator by default. We also try to pass
the data allocated by the CUDA unified memory allocator
cudaMallocManaged to the OpenMP target region directly.
However, the latter method does not work because the data
allocated by cudaMallocManaged is invisible to the OpenMP
runtime.

Overall, to enable unified memory in OpenMP GPU offload-
ing we use the modified omp target alloc for data allocation
in unified memory and is device ptr clauses to pass them
to target regions. The rest of the implementation remains
unchanged, and works as the default GPU offloading intro-
duced in Section 2.1. The C example code that shows how
we use unified memory, where we assume A, B, and C are
integer arrays is given in Listing 3.

Listing 3: Unified memory code example.

A = omp_target_alloc(N*M*sizeof(int));

B = omp_target_alloc(N*M*sizeof(int));

C = omp_target_alloc(N*M*sizeof(int));

#pragma omp target data is_device_ptr(A, B, C)

{

#pragma omp target teams distribute

for (int i = 0; i < N; i++) {

#pragma omp parallel for

for (int j = 0; j < M; j++)

C[i][j] = A[i][j] + B[i][j];

}

}

Address Deep Copy with Unified Memory. As we
discussed earlier, programming complex/deep data structure
copy is time consuming and error-prone in cases where the
data communication is managed explicitly by programmers.
On the other hand, this job is much easier in the presence of
unified memory. The reason behind this is that, with unified
memory, both the GPU and the CPU can use the same
address space to access memory regions, i.e., there is no need
for pointer translation. For the Backprop example shown in
Listing 2, With this new mechanism, we can conveniently
pass the structure pointer of BPNN to the GPU without further
concerning about the mapping of pointers inside it.

3 EVALUATION

3.1 Experimental Methodology

To evaluate the performance of our benchmarks, we use the
next generation supercomputer prototype at ORNL, Sum-
mitDev. SummitDev has a total of 54 nodes. Each node is
equipped with 2 POWER8 CPUs and 4 Tesla P100 GPUs,
connected through NVLink 1.0. Table 2 provides the detailed
configuration of CPUs and GPUs in the compute node of
SummitDev.

Parameter Value

CPU 2 POWER8

Cores / Socket 10

Threads / Core 8

CPU Clock 2.0 GHz

Main Memory 256GB DDR4

GPU 4 Tesla P100

SMs / GPU 56

SM Clock 1328 MHz

Register File Size / SM 256 KB

FP32 CUDA Cores / SM 64

FP64 CUDA Cores / SM 32

GPU L2 Cache Size 4096 KB

GPU Memory 16GB HBM2

CPU & GPU Interconnect NVLink 1.0

Table 2: Compute node configuration on Summit-
Dev.

We use Clang 4.0 [4] to compile benchmarks for both
CPU parallel computing and GPU offloading. To enable
offloading for NVIDIA GPUs, along with -fopenmp we need
to pass -fopenmp-targets=nvptx64-nvidia-cuda to Clang.
All benchmarks are compiled under the O2 optimization
level. Note that the Clang version used in our experiments
includes enhancement to support unified memory. The Linux
kernel version is 3.10.0 and the CUDA version is 8.0.61 on
SummitDev.

We evaluate the performance of GPU offloading without
unified memory (GPU w/o UM), GPU offloading with unified
memory (GPU with UM), and the CPU version where all
computation is performed by the CPU. We were not able to
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Figure 4: Performance of CPU, GPU without unified memory, and GPU with unified memory.

port K-means and Backprop to GPU without unified memory
due to the complexity of their data structures. These two
benchmarks require deep copy, which significantly increases
the difficulty of normal GPU offloading as described in Section
2.1. Thus, K-means and Backprop only have the CPU version
and the GPU with unified memory version. Nevertheless,
these benchmarks will also be included in the final public
suite once their porting is completed.

For each benchmark, we generate inputs of various sizes to
study their performance impact. For instance, the input sizes
of BFS range from 0.2GB to 30GB, whereas for CFD it grows
from 0.5GB to 22GB. We make sure the largest data size
for each benchmark is always larger than the GPU memory
capacity, so that we are able to study the performance impact
of GPU memory over subscription. To evaluate the perfor-
mance, we measure the execution time from the start till the
end of the target data region. By doing this, the measured
time captures both the GPU computation time and other
overheads associated with OpenMP GPU offloading, such
as data transfer time between CPU and GPU. We run each
experiment 5 times and use the average execution time as
the final result.

3.2 GPU Offloading without Unified
Memory

Figure 4 shows the results of our evaluation. In this subsection,
we focus on comparing the execution time of benchmarks
when running on CPU vs. GPU without unified memory.
The results show that GPU offloading benefits 2 out of 4
benchmarks when the input size is smaller than that of
the GPU memory. While BFS enjoys the most performance
benefit from GPU offloading, which is on average 68.8%
across different inputs, CFD shows a moderate gain from

GPU offloading (21.7% improvement on average). The reason
why BFS and CFD benefit from GPU offloading is that they
are more computation bound and show a moderate amount
of data reuse. Therefore, their performance is moderately
improved by the GPU’s massive threading ability.

On the other hand, NN and SRAD do not benefit from
OpenMP GPU offloading compared to their CPU counter-
parts. NN and SRAD suffer from an average performance
degradation of 46.2% and 60.3% respectively. For these two
benchmarks, the data transfer overhead outweighs the com-
puting throughput benefit of GPU, because there is little
data reuse and limited computation volume on each data
item.

We also observe that the normal GPU offloading fails
when the input size is comparable or larger than the GPU
memory size. This is because in traditional GPU offloading,
all the data must first be copied to the device before starting
the kernel execution. When the required data exceeds the
GPU’s memory capacity the data allocation/copy will fail.
We observe the failure threshold is roughly 14GB. It is not
possible to utilize the full memory capacity 16GB, GPU
memory, since part of the memory space is reserved for
thread private data and system usage. NN does not fail
because its GPU memory requirement is constant and does
not change with inputs. On the other hand, the CPU version
is able to deal with large inputs since 1) the CPU memory is
much larger (256GB per node on SummitDev), and 2) virtual
memory system could exchange data between memory and
disk dynamically if necessary.

3.3 Unified Memory

Figure 4 also shows the GPU offloading performance of dif-
ferent benchmarks with unified memory. These benchmark
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Figure 5: Execution time breakdown.
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Figure 6: Data transfer breakdown.

variants show significantly different performance depending
on the program behavior. We distinguish two categories of
benchmarks here, those with large amounts of data reuse
(BFS, CFD, K-means and SRAD), and those with little to
none data reuse (Backprop and NN). We discuss their per-
formance separately in this subsection.

Benchmarks with Significant Data Reuse. For the
first category of benchmarks, we observe that unified mem-
ory brings two major advantages. First, it helps improve
performance compared with GPU offloading without unified
memory when the working set fits into the GPU memory. For
instance, unified memory outperforms traditional offloading
by an average of 18% for BFS when the dataset fits into
GPU memory. The reason why BFS enjoys the most perfor-
mance improvement is that, in each iteration, BFS accesses
a fraction of nodes. Then, the next iteration will access the
neighbors of current accessed nodes until all nodes have been
traversed. In such a scenario, unified memory does not bring
all the data at the beginning. Instead, data transfers happen
on demand during the entire traversal process and thus the
data movement overhead is amortized. Without unified mem-
ory, all the data would have to be moved to the GPU before
any GPU computation can start. Therefore unified memory
achieves better performance in such cases.

The second advantage of unified memory is that it helps
solve the problem of GPU memory over subscription, al-
though the performance may be poor. BFS, CFD, and SRAD
suffer from significant performance degradation when the
data size exceeds the GPU memory capacity. For instance,
when using 14GB inputs (i.e., GPU memory is not yet over
subscribed), the performance gain of GPU w/ UM is 86%
for BFS compared with CPU, while this is 16% for CFD.
Then, as the input size increases, the GPU offloading crashes
without unified memory, but the benchmarks are able to

run correctly using unified memory, though with significantly
degraded performance. Depending on the benchmark, the
performance degradation varies. CFD suffers from the most
severe degradation, whose execution time is 4.4x of that of
the CPU version at the 22GB input.

To further analyze the performance results, especially the
reasons behind the significant performance degradation when
GPU memory is over subscribed, we breakdown the execution
time and analyze its different components. The potential
overhead of unified memory includes data transfer from host
to device, that from device to host, and page fault processing.
The NVIDIA GPU profiler nvprof is used to collect this
information.

Figure 5 shows the execution time breakdown of 4 bench-
marks. The “Rest of Computation” is computed using (to-
tal execution time − data transfer time − page fault process-
ing time). Therefore it does not necessarily reflect the actual
GPU computing time since some computation overlaps with
data transfer and page fault processing. For instance, we
observe that the “Rest of Computation” time decreases when
input size exceeds that of the GPU memory for SRAD be-
cause of the overlapping. We were not able to collect these
data for CFD because of the failure of nvprof. For bench-
marks with significant data reuse, including BFS, K-means
and SRAD, the results show that the data transfer time and
page fault processing increases significantly when the GPU
memory is oversubscribed. This is caused by the inefficiency
of the default unified memory management policy, which is
presumably an Least Recently Used (LRU) like policy.

To show more details, Figure 6 illustrates the data transfer
volume with unified memory for different benchmarks. Ideally,
data transfers under unified memory should be near optimal
because it only happens on demand which results in little
redundant data movement. Unfortunately this is not true
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when the working set size exceeds that of the GPU memory.
Because of data thrashing, both BFS and SRAD show a
significant increment of data traffic from host to device and
from device to host.

We use BFS as an example to explain the reasons of data
thrashing for benchmarks with large amount of data reuse.
There are two types of data reuse in BFS: 1) a node may be
traversed multiple times based on the input graph structure,
and 2) there is a lot spatial locality since neighbor nodes may
get accessed in different iterations, resulting in page level
reuse. These reuse happens in a relative long distance, and
when the total data size is larger than that of GPU memory,
it is likely that a data item will be evicted by the default
LRU-like policy before it gets reused. This results in data
thrashing: data are evicted before getting reused, and placing
current accessed data in the GPU memory will further evict
future reused data. As a result, little data locality is captured
by the GPU memory under the LRU like management policy
and the performance thus suffers [12, 15, 21].

Therefore, we conclude that reducing/eliminating data
thrashing is critical to achieving better performance on bench-
marks with significant data reuse. Improving unified memory
management is an important means to achieve this goal.

Benchmarks with Little Data Reuse. For benchmarks
such as Backprop and NN, the performance of unified memory
is roughly proportional to the input size. It is also slightly
outperformed by GPU offloading without unified memory.
The reason behind this is that the data is effectively streamed
(accessed without reuse). In such scenarios, the overhead
associated with on demand data migration in unified memory
becomes more dominant. As we observe in Figure 5 and 6,
unified memory suffers from significant page fault processing
overhead and on demand page movement overhead. The
results for Backprop are similar. For these benchmarks, there
is not enough data reuse to amortize the overhead compared
to benchmarks with data reuse.

We also do not observe a large performance gap between
inputs that fit in GPU memory and those that do not fit
like those in BFS and CFD, since no data thrashing incurs
without data reuse. Hence, we conclude that it is critical to
reduce the data movement and page fault overhead to achieve
better unified memory performance for these benchmarks.

4 IMPROVING UNIFIED MEMORY
PERFORMANCE

As shown in Section 3.3, unified memory does not always
perform well. Users need to put in extra efforts in order
to achieve optimized performance. In this Section, we will
introduce several programming guidelines we get from the
performance results.

Applications with Significant Data Reuse. For such
cases, we observe that unified memory is preferable when
dataset fits into GPU memory, but it suffers from significant
data thrashing when dataset does not fit.

In such scenarios, we suggest programmers to pin data with
good locality into GPU memory and allow unified memory

runtime to manage the data with low locality. We leverage the
existing OpenMP APIs to achieve data pinning. For instance,
in order for an array A to be pinned, its memory must be
allocated in the regular fashion (without unified memory).
Then, in an OpenMP target region, map clauses are required
to allow the OpenMP runtime to explicitly move pinned data
between CPU and GPU.

In doing this, the pinned data cannot be replaced by
the unified memory management policy and thus will get
consistent reuse. Data thrashing will be reduced since it will
only happen to those unpinned data with poor locality. Note
that it is not possible to pin data whose size is larger than
the GPU memory size.

Applications with Little Data Reuse. In these cases,
our evaluation shows that the achieved performance is slightly
better without unified memory since all the data can be
preloaded into the GPU memory, thereby avoiding the page
fault overhead. This does not mean we should give up unified
memory in these applications since the ease of programming
with unified memory is still desirable. Instead, we provide sug-
gestions to help unified memory achieve similar performance
without significant modifications.

To reduce overhead associated with on-demand data migra-
tion, we suggest programmers to insert prefetching instruc-
tions before the data is accessed. By doing this, the data will
be ready in GPU memory when needed and both data migra-
tion and page fault overhead will be minimal. OpenMP pro-
grams can use the CUDA runtime API cudaMemPrefetchAsync
on the desired data to achieve this goal, thanks to the inter-
operability of OpenMP and CUDA.

5 RELATED WORK

A large amount of benchmarks have been developed to study
GPU performance. Rodinia [6, 7] is one of the first suites de-
veloped for GPU benchmarking. Currently, it provides imple-
mentations for programming models such as CUDA, OpenCL
and OpenMP. It is also arguably the most widely used one.
Parboil benchmarks [23] were developed for throughput pro-
cessors including GPUs, and they are written in CUDA,
OpenCL, and OpenMP. SHOC [9] is a GPU benchmark suite
designed for both OpenCL and CUDA with a focus on scal-
ability. PolyBench/ACC [10] ports the PolyBench suite to
run on GPUs. The NUPAR benchmark suite [24] supports
the exploration of relatively new GPU features, including dy-
namic parallelism and concurrent kernel execution in CUDA
and OpenCL. Valar [18] aims to study the interaction be-
tween CPU and GPU in heterogeneous systems. NAS parallel
benchmarks [13] are widely used to benchmark supercomput-
ers. Although OpenMP variants are provided, GPU support
is not yet available. Furthermore, none of these benchmarks
suites explore the unified memory features of recent GPUs, es-
pecially on the presence of on-demand page migration. Thus,
we believe this work contributes to fill part of the knowledge
gap.

Since the introduction of device offloading in OpenMP 4.0,
several compilers have adopted this feature. For instance, [4]
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describes how to implement this extension in the LLVM com-
piler. Bercea et al. evaluated the performance of OpenMP
4.0 GPU offloading using a CORAL proxy application and
found that its performance is comparable to that of CUDA
after some tuning [5]. Martineau et al. evaluated the perfor-
mance of LLVM OpenMP 4.5 GPU support using several
simple kernels and mini-apps [16]. Based on the results, they
propose to perform optimizations by combining directives,
caching read-only data, etc. Cray’s compiler also supports
OpenMP GPU offloading currently. Martineau et al. stud-
ied the OpenMP GPU offloading performance of the Cray
compiler on NVIDIA K20X and found that its performance
is reasonably similar to that of CUDA [17]. None of these
compilers have unified memory support currently, and thus
existing studies do not pay attention to unified memory.

There are several proposals to simplify and optimize GPU
memory management. CGCM [11] provides compiler and
runtime support to automatize GPU memory management
for CUDA programs. Pai et al. propose a software coher-
ence mechanism to reduce redundant data transfer between
CPU and GPU [20]. These works aim at traditional GPU
programs where data movement is managed explicitly by the
programmer, and does not consider unified memory.

6 CONCLUSION

In this paper, we describe how we develop benchmarks for
OpenMP GPU offloading, with a focus on unified memory.
Using these benchmarks, we evaluate the performance of
unified memory and discover some inefficiencies existing in
current unified memory system. We also provide several pro-
gramming guidelines for users to achieve better performance
with unified memory.

For the future work, we will continue to develop more
benchmarks for unified memory study in the context of
OpenMP GPU offloading. We will also design both program-
ming and automatic strategies to optimize unified memory
performance.
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