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Abstract

OpenSHMEM is a Partitioned Global Address Space (PGAS)-based
library interface specification, developed through a collaborative
standardization effort among numerous implementers and users
of the SHMEM programming model. The current OpenSHMEM
specification lacks GPU awareness and does not support the man-
agement of data movement operations involving GPU-attached
memory buffers. Nonetheless, OpenSHMEM users are actively in-
vestigating mechanisms to enable the execution of data-driven
workloads on heterogeneous system architectures.

HPE Cray OpenSHMEMX is a prominent implementation of the
standard OpenSHMEM programming model, supporting a wide
range of vendor platforms. This work presents the design and de-
velopment of a GPU-aware and vendor-agnostic OpenSHMEM
library, using HPE Cray OpenSHMEMX as a reference implemen-
tation across multiple HPE-supported system architectures. The
study includes a comprehensive performance characterization of
the implementation on various heterogeneous platforms and ex-
amines the necessity of advanced GPU-centric communication
mechanisms to facilitate GPU-autonomous communication. The
results of this work contribute to the evolution of the OpenSHMEM
programming model by laying the groundwork for standardizing
vendor-independent GPU support within the specification.
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1 Introduction

Large-scale data analytics and machine learning applications—such
as sorting [10, 16, 38, 63], graph neural networks(GNN) [11], and
histogramming—require finding meaningful patterns within large
datasets. Analyzing these massive datasets requires state-of-the-art
systems equipped with advanced processing and storage capabil-
ities. Efficient solutions for such problems [31, 33, 34, 40, 44, 72,
79] often generate fine-grained, irregular data movement patterns
among dynamic and unpredictable sets of processes. These irregular
communication patterns contrast with the relatively static and struc-
tured communication observed in traditional high-performance
computing (HPC) simulation workloads [2, 9, 15, 19, 24, 35, 46, 49,
78], which leverage inherent regularity and data locality.

While message passing (MPI) [29] remains the de facto program-
ming model for simulation-based workloads, the Partitioned Global

Address Space (PGAS) [4] model has emerged as a compelling alter-
native for data-driven applications. Multiple languages [13, 14, 58]
and libraries [1, 3, 17, 39, 62, 73] support the PGAS-style of pro-
gramming, enabling global memory spaces logically partitioned
across processing elements and accessed asynchronously using
RDMA-based [76] operations such as put, get, and atomic updates.

OpenSHMEM is a PGAS-based library interface specification.
It is a culmination of a standardization effort among many imple-
menters and users of the SHMEM programming model. OpenSH-
MEM addresses the communication requirements of data-centric
workloads and serves as a communication substrate for higher-level
PGAS models, including Unified Parallel C (UPC) [14] and Coarray
Fortran [56, 58].

Historically, these data-driven workloads have primarily been
deployed on CPU-based homogeneous supercomputing systems.
However, the increasing adoption of heterogeneous [8, 48, 57, 69]
architectures—comprising CPUs, GPUs, and high-speed intercon-
nects [23, 27, 43]—has prompted SHMEM users to explore their
potential for improved performance in data-driven applications.

Enabling these explorations necessitates a GPU-aware commu-
nication library. The current OpenSHMEM specification lacks GPU-
awareness, meaning it cannot natively manage data movement
involving GPU-attached memory buffers. In such cases, applica-
tions must stage data through CPU-attached buffers prior to initi-
ating communication, significantly underutilizing the bandwidth
capabilities of modern high-speed interconnects.

Several non-standard, vendor-specific implementations have
emerged to provide GPU support in SHMEM-like environments. No-
table examples include NVSHMEM (NVIDIA) [41], ROC_SHMEM
(AMD) [36], and Intel SHMEM [12]. These implementations not
only offer basic GPU-awareness but also introduce advanced GPU-
centric communication capabilities such as kernel- and stream-
triggered [5, 53, 54, 59, 68, 84] operations, enabling communication
directly from within GPU kernels [37]. However, these vendor-
specific approaches present two key challenges:

(1) Limited Portability: Proprietary implementations restrict
application portability due to inconsistent feature sets, and

(2) Lack of Standardization: The role and requirements of
advanced GPU-centric communication mechanisms are not
yet fully understood, impeding efforts to integrate them into
the OpenSHMEM standard.

This work aims to address both challenges by leveraging HPE Cray
OpenSHMEMX [52], a premier implementation of the OpenSHMEM
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programming model, widely adopted by SHMEM users for data-
driven workloads. HPE Cray OpenSHMEMX introduces support
for vendor-agnostic GPU-awareness and is actively evolving to
incorporate advanced GPU-centric communication mechanisms
that enable autonomous GPU-initiated operations.

1.1 Contributions
The primary contributions of this work are as follows:

(1) Design of a Vendor Agnostic GPU-Aware OpenSHMEM.
This work presents the design and implementation of a GPU-
aware, device-agnostic extension to the OpenSHMEM pro-
gramming model, using HPE Cray OpenSHMEMX as the
reference. It details the necessary API modifications and en-
hancements required to support seamless integration with
GPU-attached memory buffers.

(2) Performance Characterization Across Heterogeneous
Architectures. The performance of standard OpenSHMEM
data movement operations is evaluated using GPU-attached
memory across multiple system architectures. These include
platforms featuring NVIDIA Grace-Hopper [32, 69], AMD
MI250X [6, 8, 67], and AMD MI300A [48, 74] GPUs. The anal-
ysis highlights performance implications and architecture-
specific considerations.

(3) Investigation of Advanced GPU-Centric Communica-
tion Requirements. The communication patterns of var-
ious data-driven workloads are examined to identify the
limitations of current models and demonstrate the need for
enhanced GPU-centric communication mechanisms. The
study motivates the introduction of features that enable
greater GPU autonomy, such as stream-triggered and kernel-
initiated communication operations.

This work is organized as follows: Section 2 provides an overview
of the OpenSHMEM programming model. Section 3 outlines the
motivation for introducing GPU-awareness into the OpenSHMEM
specification. Section 4 details the proposed enhancements to sup-
port GPU-aware communication, while Section 5 describes their
implementation within the HPE Cray OpenSHMEMX library. Sec-
tion 6 presents a performance characterization of the implemen-
tation using microbenchmarks, and Section 7 evaluates its appli-
cability at the application level. Section 8 discusses the limitations
of the proposed basic GPU-awareness support and highlights the
need for advancing the model with more sophisticated GPU-centric
communication schemes. Section 9 reviews related efforts in this
area, and Section 10 concludes the paper.

2 Background

This section provides a brief overview on the OpenSHMEM pro-
gramming model. Specifically, this section describes the various
features supported by the programming model and a high-level
description on its usability.

2.1 Programming Model Overview

OpenSHMEM is a library interface specification that supports the
Partitioned Global Address Space (PGAS) programming model.
It represents the result of a collaborative standardization effort
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among various stakeholders in the SHMEM programming com-
munity. The model enables the creation of a globally partitioned,
symmetric memory space that is remotely addressable across all
participating processes within an application. Each process can
independently perform data movement operations on this shared
symmetric memory, utilizing one-sided asynchronous remote read,
write, and atomic operations.

A key feature of the OpenSHMEM programming model is the
decoupling of data transfer from memory ordering semantics. This
separation facilitates fine-grained communication, enabling low-
latency, high-bandwidth data transfers with minimal software over-
head while fully leveraging the capabilities of underlying high-
performance network hardware supporting RDMA-based commu-
nication. Designed with input from multiple vendors and national
research laboratories, OpenSHMEM specifically targets scientific
applications characterized by irregular and dynamic communica-
tion patterns, where the sources and targets of data movement are
not known a priori.

2.2 Memory Management

This section provides a high-level overview of the memory model
supported by the OpenSHMEM programming model. Figure. 1 illus-
trates the OpenSHMEM memory model. An OpenSHMEM program
consists of two types of data objects: private data objects, which
are local to each process(PE), and remotely accessible data ob-
jects, which can be accessed by all participating processes (PEs).

Private data objects reside in the local memory of each PE and
are only accessible by the owning PE. These objects are not visible
to or accessible by other PEs using OpenSHMEM APIs.

OpenSHMEM Memory Model
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Figure 1: Illustrating OpenSHMEM Memory Model.

In contrast, remotely accessible data objects—referred to as sym-
metric data objects (SDOs) [51, 81]—can be accessed by any PE using
the standard OpenSHMEM communication routines. SDOs must
have identical name, type, and size across all PEs in the program.
There are two categories of SDOs, based on their allocation type: (1)
Global or static variables defined in the user program and supported
directly by the C language. (2) Dynamically allocated variables from
the symmetric heap, which is implicitly created during OpenSH-
MEM library initialization. SDOs allocated from the symmetric heap
utilize OpenSHMEM-provided memory management APIs, includ-
ing shmem_malloc, shmem_calloc, shmem_realloc, and shmem_free.
Section 2.3 and 2.4 describe the data movement APIs used to access
the remotely accessible data objects.
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2.3 Remote Memory Access Communication

The OpenSHMEM programming model provides a suite of APIs
that enable each PE to remotely access (read, write, and modify)
the memory buffers of other PEs. These operations are commonly
referred to as Get, Put, and atomic operations, corresponding to
remote read, write, and modification semantics, respectively.

Figure. 2 illustrates the syntax of a typical Put operation. This
API performs a data transfer from a source buffer (src) located on
the origin PE to a destination buffer (dst) on a target PE, identified
by its PE index (pe). The amount of data to be transferred is specified
by the size parameter.

OpenSHMEM Remote Memory Access

Blockin void shmem_put (TYPE * dst, const TYPE * src, size_t size, int pe)
9 void shmem_ctx_put (shmem_ctx_t ctx, TYPE * dst, const TYPE * src, size_t size, int pe)
Non-Blockin void shmem_put_nbi (TYPE * dst, const TYPE * src, size_t size, int pe)
9 void shmem_ctx_put_nbi (shmem_ctx_t ctx, TYPE * dst, const TYPE * src, size_t size, int pe)

Figure 2: Illustrating OpenSHMEM RMA Operations.

Multiple variants of the Put operation exist, distinguished by
their completion semantics. The blocking variant ensures that the
source buffer can be safely reused once the function call returns. In
contrast, the non-blocking variant does not guarantee immediate
reusability of the source buffer, and therefore requires the use of
explicit memory ordering operations (as discussed in Section 2.5)
to enforce synchronization.

It is important to note that neither variant guarantees remote
completion or global visibility of the data upon return. To achieve
these guarantees, additional memory ordering operations must be
explicitly invoked by the user.

2.4 Atomic Memory Operations

Similar to the Put operations described in Section 2.3, OpenSH-
MEM specification supports a variety of atomic memory operations
(AMOs). These operations enable remote read-modify-write seman-
tics and include primitives such as set, fetch, swap, compare-and-
swap, and fetch-add.

Figure. 3 illustrates examples of both fetching and non-fetching
AMOs supported by OpenSHMEM. Fetching variants return a value
as part of the operation (shmem_atomic_fetch_add), while non-
fetching variants perform the atomic update without returning a
value (shmem_atomic_add). Both the blocking and non-blocking
variants of the AMOs are supported with similar semantics as
described in section 2.3.

OpenSHMEM Atomic Memory Operations

Non-Fetching void shmem_atomic_add (TYPE * dst, TYPE value, int pe)
void shmem ctx_atomic_add (shmem ctx_t ctx, TYPE * dst, TYPE value, int pe)
Fetchin TYPE shmem_atomic_fetch_add (TYPE * dst, TYPE value, int pe)
9 TYPE shmem ctx_atomic fetch add (shmem ctx_t ctx, TYPE * dst, TYPE value, int pe)

Figure 3: Illustrating OpenSHMEM AMO.

2.5 Memory Ordering

The memory ordering operations provided by the OpenSHMEM pro-
gramming model enable remote completion, ordering, and global
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visibility of previously initiated data movement operations, as dis-
cussed in Sections 2.3 and 2.4. The shmem_quiet operation ensures
that all outstanding remote memory operations have completed
and are globally visible across the system. In contrast, shmem_fence
enforces the ordering of operations issued from a given origin PE to
a specific target PE, ensuring that memory operations are observed
in the correct sequence by the target. Figure 4 shows the supported
memory ordering operations.

[OpenSHMEM Memeory Ordering Operations’

Completion void shmem_quiet (void) |void shmem_ctx_quiet (shmem_ctx_t ctx)

Ordering void shmem_fence (void) | void shmem_ ctx_fence (shmem_ctx_t ctx)

Figure 4: Illustrating OpenSHMEM Memory Ordering APIs.

2.6 Collective Communication

Collective routines [50] are defined as coordinated communica-
tion or synchronization operations performed by a group of PEs.
Examples of such collective operations include alltoall, allreduce,
broadcast, and barrier. Semantics of these operations are similar
to such operations supported in traditional programming models
such as MPI [47, 77, 82].

2.7 Point-to-Point Synchronization

The P2P synchronization operations shmem_wait_until, shmem_test,
and its variants are used to portably ensure that memory access
operations observe remote updates in the order enforced by the
initiator PE.

2.8 Process Subset Management

OpenSHMEM Teams, also known as process subsets, enable the
creation of a group of PEs that can be isolated and sandboxed
within an application. This feature allows communication to be
scoped to a specific subset of PEs, rather than involving all PEs
in the program, thereby improving flexibility and scalability in
collective, RMA, and atomic operations.

2.9 Communication Context

All OpenSHMEM remote memory access (RMA), atomic memory
operations (AMO), and memory ordering routines must be issued
on a valid communication context [25, 55]. A communication con-
text provides an independent ordering and completion domain,
enabling users to overlap communication with computation and to
isolate communication streams initiated by different threads within
a multithreaded PE. By leveraging multiple contexts, applications
can establish independent communication pipelines to improve con-
currency and performance. Figure. 2 3 4 illustrates context-based
variants of the RMA and AMO operations.

This section provided a high-level overview of the OpenSHMEM
programming model and its key features. It is important to note
that the current specification does not explicitly define the memory
type associated with remotely accessible data objects, nor does it
clarify the types of memory buffers that can serve as sources in
shmem_put operations or as destinations in shmem_get operations.
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Figure 5: Illustrating Various Heterogeneous Compute Nodes supported by HPE Cray EX and HPE Cray XD System Architectures.

The specification implicitly assumes a homogeneous compute node
architecture, where memory buffers are CPU-attached.

This assumption presents a critical limitation when targeting het-
erogeneous compute node architectures that include CPUs, GPUs,
and high-speed network interconnects. To enable OpenSHMEM on
such systems, the programming model must be extended to support
communication involving GPU-attached memory buffers.

Section 3 motivates the need for this extension, and Section 4
outlines the proposed changes to the OpenSHMEM specification to
address this gap.

3 Motivation

This section motivates the need to extend the OpenSHMEM pro-
gramming model to support GPU-attached memory buffers. Two
primary factors drive this requirement: (1) the growing adoption of
heterogeneous node architectures, and (2) the performance over-
head associated with using the communication library in the ab-
sence of GPU-awareness. These factors are discussed in detail in
Sections 3.1 and 3.2.

3.1 Heterogeneous Node Architectures

Heterogeneous node architectures typically comprise CPUs, GPUs,
and high-speed network interconnects. Figure 5 illustrates several
widely adopted heterogeneous configurations based on HPE Cray
EX and HPE Cray XD systems, deployed across premier research
laboratories and commercial computing environments. Notably,
several of these architectures are represented in the TOP 10 of the
TOP500 list of the world’s fastest supercomputers [26].

These architectures differ significantly across multiple dimen-
sions, including: (1) Type of accelerator (discrete GPUs, APUs, or
coherent processing units/superchips), (2) CPU-to-GPU ratio, (3)
Inter-node network connectivity (attached to CPUs vs. GPUs), (4)
NIC-to-GPU ratio, and (5) CPU-GPU interconnect bandwidth.

Each of these architectural factors can critically influence ap-
plication performance. For example, the choice between discrete
GPUs and APUs affects the number of available memory domains;
the CPU-to-GPU ratio impacts the number of processes deployed
per node; and the NIC affinity (to CPU or GPU) can affect the la-
tency of fine-grained data transfers, especially when the source or
destination buffer resides in GPU memory.

Given the performance sensitivity to architectural characteristics,
communication libraries used for inter-process data movement
must be capable of exposing and leveraging these hardware features
effectively.

However, the current OpenSHMEM programming model lacks
the necessary abstractions to fully support such heterogeneous sys-
tems. In particular, when multiple memory domains are present, the
OpenSHMEM runtime lacks visibility into the memory placement of
symmetric shared data objects (as discussed in Section 2.2). As a re-
sult, implementations conservatively allocate the symmetric heap in
CPU-attached memory, which may lead to both performance degra-
dation and usability limitations. Section 3.2 further explores the
performance implications of operating on GPU-attached memory
buffers in OpenSHMEM implementations without GPU-awareness.

3.2 Performance Limitations

This section quantifies the performance impact of using GPU-
resident memory with a non-GPU-aware OpenSHMEM implemen-
tation (HPE Cray OpenSHMEMX). A modified OSU microbench-
mark measures the bandwidth of put operations across three repre-
sentative compute node architectures (Node Architectures 1-3, see
Figure 5), with the CPU managing all control paths.

For systems with discrete GPUs (Architectures 1 and 2), the ab-
sence of GPU memory recognition in the communication layer
necessitates explicit staging: data must be copied from GPU mem-
ory to CPU memory before transfer. Similarly, APU-based systems
(Architecture 3), despite shared or high-bandwidth CPU-GPU mem-
ory access, still require staging due to the same GPU-unawareness.
Thus, all configurations experience staging overhead.

The benchmark uses GPU-resident source buffers for data move-
ment. Due to the lack of GPU-awareness, each transfer stages
the source buffer into host memory before communication. Fig-
ure 6 compares this behavior against transfers using CPU-resident
buffers. Relative to the CPU-resident baseline, only 5% of the avail-
able bandwidth is achieved for small messages, while larger mes-
sages reach up to 50% utilization. These results underscore the
performance penalties imposed by GPU memory staging in non-
GPU-aware OpenSHMEM environments.

The results, presented in Figure 6, demonstrate that staging
significantly increases communication latency and reduces effective
network utilization. These findings highlight a key limitation of
current OpenSHMEM implementations on heterogeneous systems.
As heterogeneous compute nodes with CPUs, GPUs, and high-
speed interconnects become the norm, the need for GPU-aware
communication becomes critical. Section 4 introduces a proposed
extension to the OpenSHMEM programming model to address
these limitations and enable efficient communication on modern
architectures.
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Figure 6: Impact in Staging Communication Buffers

4 Proposal

This section outlines the necessary extensions to the OpenSHMEM
memory model to enable support for heterogeneous compute node
architectures. It introduces new APIs and semantic modifications
required to support GPU-attached memory buffers and ensure cor-
rect and efficient behavior across diverse hardware configurations.
The proposed extensions are designed to be device-agnostic and
portable across a range of architectures.

4.1 Implicit Memory Spaces

With a single symmetric heap created per job to support remotely
accessible symmetric data objects, there has traditionally been no
need to explicitly reference these heaps. As discussed in Section 2.2,
these symmetric heaps are implicitly allocated by the OpenSH-
MEM runtime, and shared data objects are created from them using
standard memory management routines such as shmem_malloc. In
the current OpenSHMEM 1.6 specification, user applications do not
reference these heaps directly.

However, supporting OpenSHMEM on heterogeneous platforms
requires each process to maintain multiple symmetric heaps—typically
one CPU-attached and one GPU-attached. Therefore, it becomes
necessary to reference these symmetric heaps explicitly through
OpenSHMEM API extensions.

The core proposal introduces the concept of implicit memory
spaces, which serve as labels to identify and access specific symmet-
ric heaps. This includes SHMEM_SPACE_DEFAULT, which refers to
the current default symmetric heap, and SHMEM_SPACE_DEVICE,
which corresponds to a new symmetric heap allocated on device
memory.

SHMEM_SYMMETRIC_SIZE is an existing environment variable
used to set the size of the default heap(SHMEM_SPACE_DEFAULT).
In parallel, a new environment variable is introduced to control the
size of the device space. SHMEM_SYMMETRIC_SIZE_DEVICE is the
new variable to control the size of SHMEM_SPACE_DEVICE space.
Figure 7 provides a visual representation of the proposed changes
for implicit memory space support.

Importantly, this proposal is both backward compatible and for-
ward extensible. Existing APIs remain unchanged—for instance,
shmem_malloc will continue to allocate from the default space. Ad-
ditionally, this framework can be extended in the future to support
explicit, user-managed memory spaces associated with OpenSH-
MEM Teams (see Section 2.8 for details on Teams).
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4.2 Space-based Memory Management

This section defines the new memory management routines intro-
duced to support space-based symmetric heaps. Memory operations
on these spaces are supported through new space-aware memory
management routines: shmem_space_malloc, shmem_space_calloc,
shmem_space_realloc, shmem_space_align, and shmem_space_free,
whose semantics are consistent with their existing counterparts in
the specification.

4.3 Space-based Communication

Existing OpenSHMEM communication operations (as discussed
in Section 2.3 and 2.4) can differentiate between symmetric heap
allocations and static/global allocations, enabling the runtime to
optimize data movement accordingly. With the proposed extension
introducing multiple symmetric heaps via implicit memory spaces,
the OpenSHMEM runtime can determine the memory type based
on the allocation and execute data movement operations regardless
of whether the memory is CPU-attached or GPU-attached.

OpenSHMEM contexts (described in Section 2.9) used to issue
these operations remain agnostic to memory spaces. Any context
may be used to access symmetric data objects (SDOs) allocated
from either SHMEM_SPACE_DEFAULT or SHMEM_SPACE._DEVICE
without requiring additional handling or context specialization.

Regarding the atomicity semantics of AMOs, the OpenSHMEM
1.6 specification defines two atomicity domains: one associated
with the SHMEM_TEAM_WORLD process group and another with
the SHMEM_TEAM_SHARED group. These semantics remain un-
changed under the proposed extension.

In summary, the proposed changes have no impact on the seman-
tics of existing OpenSHMEM RMA and atomic operations. Rather,
they extend the programming model to support symmetric, re-
motely accessible heaps in GPU-attached memory, enabling their
use in inter-process communication operations.

Extended OpenSHMEM Memory Model

PEO PE 1

SHMEM SHMEM
SPACE SPACE
DEFAULT DEFAULT

shmem_malloc (size)

O O0OO0CO0O0

shmem_space_malloc
(sHvEm_SPACE DEVICE,

SPACE B SPACE

DEVICE [ONONONONS! DEVICE

SHMEM SHMEM

Remotely Accessible
Symmetric Data Objects

Private Data
Objects

Figure 7: OpenSHMEM Memory Model Extensions.
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4.4 GPU-aware Communication

While Sections 4.1 through 4.3 describe the necessary extensions
to support remotely accessible GPU-attached memory for Open-
SHMEM communication, this section focuses on the use of GPU-
attached local memory in such operations. For instance, in the
shmem_put operation illustrated in Figure 2, it is required that the
dst buffer reside in symmetric memory (i.e., one of the implicit
spaces). However, the src buffer may originate from either local
memory or a symmetric data object.

When the src buffer resides in local memory, the memory may
be CPU-attached or GPU-attached. To enable support for GPU-
attached local buffers, this proposal introduces a new environment
variable: SHMEM_ENABLE DEVICE _AWARENESS. When enabled,
this variable allows OpenSHMEM communication operations to use
local memory buffers allocated in any addressable memory space,
including device memory.

To complement this functionality, a new query interface is intro-
duced. shmem_query_device_awareness routine allows applications
to determine at runtime whether GPU-aware communication is
enabled via the environment variable.

A simple example program demonstrating GPU-aware OpenSH-
MEM communication is provided in Section 4.5.

4.5 Example

This section discusses the example program illustrated in Figure 8,
which demonstrates a simple GPU-aware OpenSHMEM applica-
tion using the extensions proposed in Sections4.1 through 4.4. The
example shows how to allocate remotely accessible symmetric data
objects (SDOs) on both the default memory space and the device-
based memory space. Additionally, the program demonstrates the
use of both CPU-attached and GPU-attached local memory buffers
as sources in data transfer operations.

Together with the extensions described in Sections 4.1 through 4.4,
these changes introduce GPU-awareness into the OpenSHMEM
specification with minimal modifications. Example program shown
in Figure 8 shows the usability of these proposed changes, and the
design ensures both backward compatibility and forward exten-
sibility. Section 5 describes the implementation of the proposed
interface in HPE Cray OpenSHMEMX.

5 Implementation

This section provides a high-level implementation details of the
proposed extensions to the OpenSHMEM programming model de-
scribed in section 4.

5.1 Cray OpenSHMEMX Overview

HPE Cray OpenSHMEMX is a premier implementation of the Open-
SHMEM programming model designed specifically for HPE Slingshot-
based network interconnects. It effectively exposes the underlying
network capabilities to applications and serves as the primary Open-
SHMEM implementation for systems based on the HPE Cray EX
and HPE Cray XD architectures.

Figure 9 illustrates the HPE Cray OpenSHMEMX software stack
infrastructure for the HPE Slingshot NIC, highlighting the layered
architecture and supported features. All features are accessible
through standard OpenSHMEM C interfaces and are implemented
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OpenSHMEM Example Program with GPU-awareness

#define SIZE 1024
#define ES sizeof(int)

shmem_init ();
int me = shmem_my_pe ();
intnp =shmem_n_pes ();

int * ddst = shmem_space_malloe (SHMEM_SPACE_DEVICE, SIZE * ES);
int * hdst = shmem_space_malloe (SHMEM_SPACE_DEFAULT, SIZE * ES);

int * hsrc = malloc (SIZE * ES);
int * dsrc = NULL; hipMalloc ((void **)&dsrc, SIZE * ES);

for (int i=0; i < SIZE; i++) {
hdst[i] = np;
hsre[i] = me;

1

hipMemecpy(ddst, hdst, SIZE * ES, hipMemcpyHostToDevice);
hipMemepy(dsre, hsre, SIZE * ES, hipMemcpyHostToDevice);
hipDeviceSynchronize();

if (me ==10) {
shmem_int_put(ddst, ddst, SIZE, 1); /* device-to-device transfer */
shmem_int_put(ddst, dsrc, SIZE, 1); /* local device to remote device transfer*
shmem_int_put(ddst, hdst, SIZE, 1); /* host-to-device transfer */
shmem_int_put(ddst, hsrc, SIZE, 1); /* local host to remote device transfer */
h

shmem_barrier_all();

shmem_free(ddst);
shmem_free(hdst);
free(hsrc);
hipFree(dsrc);

h _finalize();

Figure 8: OpenSHMEM GPU-aware Example Program.

over various transport mechanisms, including Shared Symmetric
Heap (SSHEAP), XPMEM, Cross Memory Attach (CMA), Libfabric,
and DMAPP. SSHEAP, XPMEM, and CMA are utilized for intra-
node communication between processing elements within the same
compute node, whereas Libfabric and DMAPP are employed for
inter-node communication. The SMP transport layer efficiently
manages a combination of inter-node and intra-node transports to
optimize data movement.

The Libfabric-based transport layer is specifically optimized to
deliver high-performance OpenSHMEM communication over the
HPE Slingshot network, leveraging the capabilities of the HPE
Cassini NIC.

5.2 GPU Transport Layer

To support GPU-specific capabilities—such as identifying mem-
ory types, allocating and managing GPU-attached memory buffers,
determining GPU-to-NIC affinity, performing GPU-to-GPU inter-
process communication [30, 60] using optimized GPUDirect peer-
to-peer data movement [61] features offered by GPU vendors, and
implementing efficient memory ordering operations—a new trans-
port layer, referred to as the GPU Transport Layer (GTL), has been
introduced.
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One of the key features supported by GTL is the ability to cache
memory type information for buffers encountered during Open-
SHMEM communication operations. As discussed in Section 4.4,
OpenSHMEM allows the use of both CPU- and GPU-attached lo-
cal memory in communication operations. GTL is responsible for
querying the memory type and caching the result to avoid repeated,
costly queries, thereby improving the performance of data trans-
fers. GTL provides a device-agnostic interface that encapsulates the
core functionality required to enable GPU-awareness within the
OpenSHMEM runtime.

GTL capabilities are integrated across existing transport layers
such as XPMEM, SSHEAP, and Libfabric. Based on the memory
type involved in a communication operation, the OpenSHMEM
runtime selects the appropriate transport and leverages GTL fea-
tures to perform the data transfer efficiently. Figure 9 illustrates
how GTL integrates with various transport layers in the HPE Cray
OpenSHMEMX software stack.

5.3 Libfabric HPE Slingshot Transport

While Section 5.2 introduced the GPU Transport Layer (GTL) to
enable GPU-aware communication in HPE Cray OpenSHMEMX
and provided an overview of its role in facilitating intra-node data
transfers using GPU-attached memory buffers, this section focuses
on enabling efficient inter-node communication with GPU-attached
memory. Specifically, it highlights the capabilities of the HPE Sling-
shot NIC that support high-performance GPU-aware one-sided
RDMA operations. HPE Cray OpenSHMEMX leverages the Libfab-
ric network interfaces to implement these capabilities on the HPE
Slingshot NIC.

The following key features of the HPE Slingshot interconnect
are leveraged to achieve GPU-awareness in the HPE Cray OpenSH-
MEMX implementation:

5.3.1 GPU PeerDirect. GPU PeerDirect is a technology that enables
direct communication between GPUs and peripheral devices such as
network interface cards (NICs), bypassing the CPU. This mechanism
significantly improves data transfer efficiency by reducing latency
and eliminating the need for intermediate staging through CPU-
attached memory. The HPE Slingshot NIC supports this capability,
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allowing for high-performance GPU-to-GPU data transfers without
requiring CPU involvement, thereby enhancing the effectiveness
of GPU-aware communication in distributed applications.

5.3.2  NIC On Demand Paging. On-demand paging (ODP) in the
context of a Network Interface Card (NIC) refers to a memory
management technique where the NIC requests memory pages from
the operating system only when they are needed for data transfer,
rather than pre-registering the entire memory region upfront. This
approach improves memory efficiency, particularly when working
with large memory regions or when the NIC activity is sparse.

ODP is essential for enabling GPU-awareness in communication
libraries, particularly in managing dynamic page migrations during
application execution. Similar to memory type caching in the GPU
Transport Layer (GTL), the underlying Libfabric network inter-
faces—used with the HPE Slingshot NIC—cache the encountered
memory buffers and register them with the NIC for efficient reuse.
In heterogeneous compute node architectures, where page migra-
tion is common, it becomes critical to detect such migrations and
verify the validity of cached buffer registrations. ODP provides the
mechanisms needed to manage these transitions effectively, making
it a key capability for supporting GPU-aware communication in
HPE Cray OpenSHMEMX.

Overall, this section provided a brief overview of the HPE Cray
OpenSHMEMX library design and introduced the key architec-
tural changes implemented to enable GPU-awareness, as proposed
in Section 4. It further discussed the essential network capabili-
ties—GPUDirect Peer-to-Peer, GPU PeerDirect, and On-Demand
Paging (ODP)—that are leveraged to realize the proposed exten-
sions for GPU-aware OpenSHMEM communication. Section 6 will
present the performance characteristics of this implementation
across different heterogeneous system architectures.

6 Performance Analysis

This section presents a performance overview of the GPU-aware
HPE Cray OpenSHMEMX implementation across three distinct
node architectures. The objective is to evaluate the portability and
effectiveness of a standard GPU-aware OpenSHMEM implementa-
tion in heterogeneous environments. For conciseness, the analysis
focuses exclusively on put operations; other communication primi-
tives are outside the scope of this study.

6.1 Test Bed Overview

The analysis is conducted across three compute node architectures
(Node Architectures 1-3, see Figure 5), representative of systems such
as Perlmutter (Architecture 1)[57], Frontier (Architecture 2)[8], and
El Capitan (Architecture 3)[48]. Evaluations primarily involve inter-
node data transfers, with one OpenSHMEM processing element
(PE) mapped to a single GPU. Given the presence of multiple HPE
Slingshot NICs per node, GPU-CPU-NIC affinity is optimized per
architecture. The affinity is achieved manually during the job execu-
tion. In addition to the GPU-aware HPE Cray OpenSHMEMX imple-
mentation, architecture-specific vendor libraries—AMD ROCm[7]
and NVIDIA CUDA [20]—serve as key dependencies.
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Figure 10: Illustrating Latency Overhead based on the Source and Destination Buffer Types for Small (1B - 1KiB) Payloads
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Figure 11: Illustrating Latency Overhead based on the Source and Destination Buffer Types for Large (2KiB - 512KiB) Payloads

6.2 Test Case Overview

Modified OSU put latency and bandwidth tests are employed for this
analysis. The latency test measures round-trip latency for remote
write operations across varying message sizes, capturing the cost of
performing blocking shmem_put operations and ensuring delivery
and global visibility at the target. The bandwidth test evaluates
the sustained throughput of multiple non-blocking shmem_put_nbi
operations.

The primary modification to the benchmarks involves the control
over buffer allocation. While the original tests use CPU-attached
symmetric memory for both source and destination buffers, the
modified version enables selection between CPU- and GPU-attached
memory. This yields four configurations: (1) H-H — both source
and destination in CPU-attached memory; (2) D-D — both in GPU-
attached memory; (3) H-D — CPU source to GPU destination; and
(4) D-H — GPU source to CPU destination.

Performance results for these configurations are presented in
Sections 6.3 and 6.4, with H-H serving as the baseline for compari-
son.

6.3 Latency Analysis

Figures 10 and 11 present the results of the latency analysis across
different compute node configurations. The small-message RMA
operation, specifically shmem_put, utilizes a network transfer pro-
tocol that enables packing the payload within the network packet.
This protocol, also referred to as INJECT transfers, requires copy-
ing the data into the NIC command queue as part of the message
header, to be consumed by the NIC. The INJECT protocol is gener-
ally considered effective for small message transfers, offering better
performance compared to registering the source buffer with the
NIC for RDMA-based data transfers.

However, with GPU-awareness, the cost of preparing the net-
work packet using the INJECT protocol increases, as it involves
copying data from the GPU-attached source buffer into the NIC
command queue. The impact of this design is shown in Figure 10.
For node architectures 1 and 2, which support better CPU-GPU
connectivity (AMD MI250X connected to an AMD Trento processor
via the AMD high-speed Infinity Fabric network, and AMD300A
with a single memory domain as part of the APU architecture), the
cost of the INJECT protocol is not significant. This results in the
performance of D-D, D-H, and H-D being on par with the baseline
H-H configuration, as depicted in Figures 10a and 10b. In contrast,
for node architecture 3, where the connection between the AMD
Milan CPU and the Nvidia A100 GPU is through PCle links, the
cost of updating the NIC command queue is significantly higher,
resulting in an average latency overhead of 3X-5X.

Figure 11 demonstrates the impact of memory type on large mes-
sage put latency. For these message sizes, there is minimal impact
from the memory type of the source or destination buffer used
for communication. Regardless of the memory type combinations,
performance remains consistent with the H-H baseline. This analy-
sis indicates that while small message sizes are influenced by the
memory buffer type due to the communication protocol used, there
are no significant issues with large message sizes. Tuning protocol
selection based on the underlying compute node architecture can
facilitate a portable implementation of the GPU-aware communi-
cation library, and the proposed OpenSHMEM API solutions are
sufficient to address all necessary use cases.

6.4 Bandwidth Analysis

This section discusses the impact of memory buffer type on ef-
fectively utilizing network bandwidth. Figure 13 illustrates the



Designing GPU-aware OpenSHMEM for HPE Cray EX and XD Systems

Conference’17, July 2017, Washington, DC, USA

108 104
@H-D mD-D @mD-H
_ 106 - 102
104 100
S102 o8
5100

Bandwidth Utilization
©
-]

Bandwidth
©
-3

- N ¥ © © N § © © - N ¥

]
o ™ © o ;v o
N 10

1024 it

-
Message Size (bytes)

©
-

-
Message Size (bytes)

120
GH-D mD-D @D-H rH-D mD-D @D-H
¥ 100 .
= 3
2 :
= 80 :
N :
£ 60 :
=2 -
: £ 40 :
8 2 8
1] 2 :
: = :
3 ¥ % X R © 0 3 ¥ % N R
(-]
o < -] ©0 N < - o~ < © © o < -] ©0 N <
™ © N n - N - (] © N n - N
Message Size (bytes)

(a) Node Architecture 3 (represents El Capitan)

(b) Node Architecture 2 (represents Frontier) (c) Node Architecture 1 (represents Perlmutter)

Figure 12: Illustrating Bandwidth Utilization based on the Source and Destination Buffer Types for Small (1B - 1KiB) Payloads

102 140
@H-D mD-D @D-H 120
§100 . S S S 100 :
S A A ; 1 VE S 80 1 ¥
3 A : il 5 60 2N
= H 5 ¥ : : = : g
5% A A : Gl & g% 1 vE
H : ] 3 : : 3 2 : 2
2 94 A1 YEI : GRS R 31
3 @ © o = © © o~ 3 © a @ © o
< D (2] -] © [ ~ =] -4 [} ]
o =] - (v} ~ n o - N o (=] -
o~ < © © - o < N < ©
- ] © [x] © N
B - ~ 0
Message Size (bytes)

16384 mm—

Message Size (bytes)

120

#ZH-D mD-D @D-H

=
=)
=]

7IH-D mD-D @D-H

o ©
© ©°

N
(=]

o

Bandwidth Utilization
»
o

BUEL o ccocooo00000000000

©
<
o
3

32768
65536 i
131072
262144 WRE——
524288

LA A o00000000000000000
16384

32768

65536 hmmmee
131072
262144 WA
524288

Message Size (bytes)

(a) Node Architecture 3 (represents El Capitan) (b) Node Architecture 2 (represents Frontier) (c) Node Architecture 1 (represents Perlmutter)

Figure 13: Illustrating Bandwidth Utilization based on the Source and Destination Types for Small (2KiB - 512KiB) Payloads

influence of memory type across different compute node configura-
tions in utilizing network bandwidth for data transfers. As shown,
irrespective of the memory type used, it is possible to generate
and utilize high-speed network bandwidth that approaches the the-
oretical maximum with large payloads. Figures 11a through 11c
demonstrate this behavior across all three compute nodes used for
the analysis.

For small message transfers, the impact of CPU-GPU network
connectivity becomes apparent. As discussed in Section 6.3, the
cost of staging the memory buffer as part of the INJECT data trans-
fers can negatively impact performance, depending on the source
buffer memory type. When using a GPU-attached source buffer,
the overhead of the INJECT protocol may outweigh the primary
benefits of the protocol itself.

Overall, both the latency and bandwidth analyses suggest that
a standard one-sided communication semantics, based on the ex-
isting OpenSHMEM programming model, can support GPU-aware
communication across different vendors. While minor performance
issues are observed due to the underlying network architecture, it
is possible to tune the implementation for a specific architecture.
This validates the need for an effective and portable GPU-aware
communication model in OpenSHMEM. Similar results were ob-
served for other OpenSHMEM communication operations, such as
shmem_get and atomic memory operations; however, for brevity,
the results of these analyses are not included in this work.

7 Application Analysis

While Section 6 employed modified OSU microbenchmarks to an-
alyze the performance behavior of the HPE Cray OpenSHMEMX
implementation supporting the proposed OpenSHMEM GPU-aware
communication features, this section examines the applicability of

these features in supporting a proxy benchmark representing a crit-
ical communication pattern. Distributed bucket sorting [38] serves
as a critical proxy kernel, representing a significant use case for the
PGAS-based communication model. A version of the proxy bench-
mark designed for AMD MI300A-based compute node architecture
(refer to Node Architecture 3 in Figure 5) is used in this analysis. The
benchmark is executed across 128 AMD MI300A processes, with
4 AMD MI300A processes per node. The details and results of the
benchmark are discussed in Section 7.1.

7.1 Distributed Bucket Sorting

Recognized as a key data analytics kernel in data-driven workloads,
bucket sorting plays a critical role in large-scale data processing.
This section provides a brief overview of a traditional distributed
bucket sorting algorithm and highlights the communication pattern
it employs.

The distributed bucket sorting kernel uses a local bucket and a
remotely shared table. Each process participating in the sort par-
titions its unsorted input table into chunks and performs a local
sort. The locally sorted data is then loaded into the process’s local
bucket. At regular intervals, the sorted values in the local bucket are
transferred to the appropriate remote tables based on their values.
This data transfer mechanism is referred to as an Append commu-
nication scheme. In the append pattern, each process concurrently
determines the offset in the remote table where it can perform
updates. This involves executing a remote atomic fetch-and-add
operation to compute and reserve the offset, followed by a remote
write operation. All processes involved in the sort can perform
append operations independently and concurrently across different
targets, without requiring inter-process synchronization.

In this evaluation, multiple variants of the bucket sorting kernel
are analyzed. A common aspect across all variants is that the local
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sorting is performed on a GPU-attached memory buffer. The results
of this analysis are shown in Figure 14.

HA_HI refers to the implementation where both the local bucket
and the remote table reside in CPU-attached symmetric memory
regions. In this model, the sorted data must be staged from the GPU-
attached memory into the CPU-attached local bucket before initiat-
ing the data transfer. HA_HI_OMP extends this design by using
multiple OpenMP [22] threads to perform data transfers after stag-
ing the data into the local bucket. Both HA_HI and HA_HI_OMP
are designed to work with OpenSHMEM implementations that do
not support GPU-awareness, relying on traditional staging meth-
ods.

GA_HI is the GPU-aware counterpart to HA_HI, where the
local bucket is allocated in GPU-attached memory and used directly
for communication. GA_HI_Stream is a variant of GA_HI that
employs GPU streams [21] to improve utilization of GPU compute
resources. GA_HI_OMP is a GPU-aware variant of HA_HI_OMP.

The observed performance results are shown in Figure 14, which
presents both the lower-bound (LB) and upper-bound (UB) band-
width observed per process. This test was conducted on 128 AMD
MI300 GPUs, each running 4 PEs per node, with each PE uti-
lizing an independent AMD MI300A APU for local sorting. As
shown, HA_HI exhibits the lowest performance due to the over-
head of staging data before communication. HA_HI_OMP demon-
strates a significant improvement over HA_HI, benefiting from
communication-compute overlap achieved via multithreading. How-
ever, it still suffers from limited LB performance due to uneven
thread contributions. GA_HI shows improvements in both UB and
LB metrics. Finally, combining the advantages of both HA_HI_OMP
and GA_HI, the GA_HI_OMP and GA_HI_Stream variants yield
the most effective bandwidth utilization across all participating pro-
cesses, achieving strong performance in both LB and UB measures.
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Figure 14: Variants of Distributed Bucket Sorting

Overall, analyzing the distributed bucket sorting kernel using
the GPU-aware OpenSHMEM implementation demonstrates the
potential of the proposed solution for effectively supporting key
data analytics workloads. While the proposed extensions enable
application developers to explore the use of OpenSHMEM for het-
erogeneous systems, several key limitations have been identified.
These limitations, along with the motivation for developing ad-
vanced GPU-centric communication solutions, are discussed in
Section 8.
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8 Advanced GPU-Centric Communication

This section describes the limitation of the proposed GPU-aware
communication operations, and discuss on the need for extending
the proposed solution to support advanced GPU-based communi-
cation solutions as future work.

8.1 Improve GPU Autonomy

The proposed solution in Section 4 introduces GPU-aware commu-
nication within the OpenSHMEM programming model. This design
relies on the CPU to manage the control path of communication op-
erations, requiring CPU threads to orchestrate the data movement
and inter-process synchronization operations. As demonstrated
in Section 6, the approach achieves performance comparable to
existing state-of-the-art solutions involving CPU-attached memory
buffers for communication. However, its applicability is limited in
scenarios where CPU involvement introduces inefficiencies.

For instance, in our evaluation using GPU-aware distributed
bucket sorting (refer Section 7), communication must occur at ker-
nel boundaries to allow the CPU to manage control path of the com-
munication operations. This constraint necessasitates unnecessary
CPU-GPU synchronization. Enhancing GPU autonomy by extend-
ing the proposed communication scheme—specifically by introduc-
ing features to allow the GPU to manage the control path—would
enable more flexible and efficient communication schemes and
broaden the applicability of the proposed solution.

8.2 Communication and Computation Overlap

Several potential design approaches can improve the overlap be-
tween computation and communication using the proposed GPU-
aware solution in OpenSHMEM. For example, as demonstrated
in Section 7, at least two such strategies—GA_HI_Stream and
GA_HI_OMP—leverage multiple CPU threads in conjunction with
GPU streams to achieve this overlap. In these approaches, the GPU
executes compute operations, while CPU threads manage the com-
munication operations concurrently. These optimizations rely on
effective interaction with GPU streams, which is currently limited
in the proposed solution. Enhancing this interaction—specifically
between the GPU streams used for compute and the associated
communication operations—could lead to meaningful extensions
to the solution introduced in Section 4.

8.3 Support Fine-Grained Communication

Another major limitation of the existing proposal, as observed
in the application study from Section 7, is the coarse granularity
of communication operations. In this example, communication is
performed at kernel boundaries, resulting in large message sizes.
Consequently, data movement operations across all target processes
must wait for the complete availability of the data to be commu-
nicated. Enabling communication operations from within a GPU
kernel would allow OpenSHMEM users to explore the potential
performance benefits of a fine-grained communication model. Sup-
porting such a use case requires extending the proposed solution
from Section 4.
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To enable and satisfy the above requirements, new advanced
GPU-centric communication strategies are required to be intro-
duced into the OpenSHMEM programming model—effectively cre-
ating a need to extend the proposed solution. There are multiple
such strategies already available in different libraries like NVSH-
MEM [41], ROC_SHMEM [36], and MPI [53, 54, 68, 84]. In brief,
these strategies include: (1) GPU Stream-Triggered Communication,
where GPU streams manage the control path of the communica-
tion operation; (2) GPU Kernel-Triggered Communication, where
GPU threads manage the control path; and (3) GPU Kernel-Initiated
Communication, where GPU-aware communication operations are
executed directly from within a GPU compute kernel.

For brevity, detailed descriptions of these GPU-centric commu-
nication strategies are not discussed in this work. However, this
section acknowledges their existence and emphasizes the need to
evaluate and incorporate them into the OpenSHMEM specification
by extending the proposed solution from Section 4.

9 Related Work

Several efforts have introduced GPU-awareness into standard HPC
programming models. The work in [80] extends the MVAPICH
MPI implementation to support efficient GPU-aware MPI commu-
nication on InfiniBand clusters. As one of the earliest contribu-
tions in this space, it identifies key features required for enabling
GPU-aware inter-process communication. While [80] focuses on
supporting GPU-aware point-to-point communication, subsequent
studies such as [75, 83] and [28] address the requirements for en-
abling GPU-aware non-contiguous and collective communication
operations in the MPI [29] programming model. Although these
works primarily target systems with NVIDIA GPUs, [45] inves-
tigates GPU-aware communication on AMD-based architectures,
highlighting the portability and adaptability of these concepts.

In addition to programming models, GPU-awareness has also
been explored at the communication middleware level. For instance,
[18] identifies the necessary modifications to the UCX [71] frame-
work to enable GPU-aware communication. Other studies such as
[42] and [70] evaluate the usability and performance of GPU-aware
operations in real-world applications.

Specifically for OpenSHMEM, [64] proposes an extension to sup-
port GPU-aware communication. Although this work represents
an early step toward enabling GPU-awareness in OpenSHMEM,
it does not address standardization or portability across heteroge-
neous platforms. Furthermore, it does not explore implementation
strategies to avoid staging through CPU-attached buffers. Later
efforts, such as [65] and [66], introduce optimizations for zero-copy
data transfers, enabling direct GPU memory access and improv-
ing the efficiency of GPU-aware OpenSHMEM implementations.
This work builds on those efforts by evaluating both the porta-
bility and implementation efficiency of GPU-aware extensions to
the OpenSHMEM programming model on modern state-of-the-art
exascale-based compute node architectures.

10 Conclusion

Overall, this work introduced device-agnostic support for basic
GPU awareness within the OpenSHMEM programming model and
evaluates the performance of the proposed features across diverse
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heterogeneous system architectures. It details the design and im-
plementation of this capability to advocate for standardizing GPU-
awareness in the OpenSHMEM specification.

In addition to enabling fundamental GPU-awareness, this work
investigates the necessity of supporting advanced GPU-centric
communication mechanisms in OpenSHMEM. This is achieved by
analyzing the communication patterns and requirements of repre-
sentative data-driven workloads, thereby identifying opportunities
for enhancing GPU autonomy through features such as stream-
triggered and kernel-initiated communication.

By extending the OpenSHMEM programming model with sup-
port for GPU-awareness, the proposed work empowers existing
OpenSHMEM users to efficiently leverage emerging heterogeneous
platforms for data-driven applications. Furthermore, the perfor-
mance insights and implementation strategies presented can inform
and benefit other programming models—such as MPI-RMA—by
providing a foundation for adopting optimized communication
techniques tailored for GPU-enabled systems.
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