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Abstract—Due to their massive parallelism and high performance per watt GPUs gain high popularity in high performance
computing and are a strong candidate for future exacscale
systems. But communication and data transfer in GPU accelerated systems remain a challenging problem. Since the GPU
normally is not able to control a network device, today a
hybrid-programming model is preferred, whereby the GPU is
used for calculation and the CPU handles the communication.
As a result, communication between distributed GPUs suffers
from unnecessary overhead, introduced by switching control
flow from GPUs to CPUs and vice versa. In this work, we
modify user space libraries and device drivers of GPUs and
the Infiniband network device in a way to enable the GPU to
control an Infiniband network device to independently source
and sink communication requests without any involvements of
the CPU. Our performance analysis shows the differences to
hybrid communication models in detail, in particular that the
CPU’s advantage in generating work requests outshines the
overhead associated with context switching. In other terms, our
results show that complex networking protocols like IBVERBS
are better handled by CPUs in spite of time penalties due to
context switching, since overhead of work request generation
cannot be parallelized and is not suitable with the high parallel
programming model of GPUs.
Index Terms—GPUs Communication Heterogeneous Clusters
Infiniband RDMA

I. I NTRODUCTION
Graphic Processing Units (GPUs) have gained high popularity in High Performance Computing. While power of single
threaded CPUs stagnated and only by introducing multiple
cores the CPU vendors were able to maintain performance
growth, the performance of GPUs has increased dramatically
in the recent years. The introduction of GPU computing
languages like CUDA, openCL or directives based approaches
like openACC made GPUs accessible for users who are not
familiar with classical graphic aspects. Thereby, many nongraphic scientific and industrial applications were ported to
GPU-based heterogeneous systems. Due to high performance
per Watt GPUs become also a promising candidate for next
generation exascale systems.
But GPUs only scale, if they perform their calculations in
core and GPU device memory is a scarce resource. Since a

single compute node only can handle a limited number of
GPUs, a tightly coupled cluster of GPU-equipped nodes can
help to overcome these limitations. But, despite their high
popularity, data transfer and communication in GPU accelerated systems remains a problem. Recent technologies like
GPUDirect RDMA help to overcome some limitations, since
they allow direct data transfer between GPUs on distributed
nodes.
However, this technology still requires a hybridprogramming model, where the GPU is used for computation,
while the CPU and a CPU-based communication library is
required for inter-GPU communication. This requires multiple
context switches between the GPU and the CPU. In recent
work [1], [2] and [3] the idea of direct sourcing and sinking
network traffic from the GPU without any CPU involvement
was claimed to be the ideal way utilize a hybrid cluster.
One of the most common interconnect in today high performance systems is Infiniband, and many GPU-accelerated
clusters like the TSUBAME 2.5 [4] in Japan use Infiniband as
an interconnect. In this work, we enable the GPU to source
and sink network traffic directly to an Infiniband Host Channel
adapter. The CPU is only required for a setup phase, but once
everything is set up, the CPU is not required at all. This
approach requires several changes to the GPU and network
device drivers and user space libraries, but no changes to the
hardware. The scope of this work is to demonstrate, which
changes are required to enable the GPU to communicate with
the network device, and to analyze if this approach is useful
for GPU clusters. We compare our results with a host-assisted
version, which uses a callback mechanism whereby the GPU
initiates the CPU to perform the communication and a hybrid
version, where the GPU is only used for computation, while
the CPU handles the communication. However, our current
implementation doesn’t bring any performance improvements
compared to the hybrid approaches. We analyze the bottlenecks of this behavior and claim, which requirements are
necessary for efficient sourcing and sinking of network traffic
from the GPU.
The rest of this paper is organized as follows. The next

section gives an overview about related work. In section 3 a
short introduction into GPUs and Infiniband is given. Section
4 describes the implementation of an Infiniband context on the
GPU. In section 5, we evaluate the performance and compare
to other communication techniques. In section 6 we discuss
the results, before we conclude in the last section.
II. R ELATED W ORK
GPUs in cluster computing are pervasive, so various related
work exists in this area. The idea of sourcing and sinking
network traffic from GPUs existed before, in 2009 Stuart
et.al. introduce DCGN [1] (Distributed Computing on GPU
Networks), a framework that allows GPU threads to send and
receive data with commands similar to MPI. Although the
commands are called within a kernel, the data transfer itself
is handled by the host system. Still, the authors clearly state
that support for direct communication among GPUs without
CPU involvement is desirable. They repeat this in [2] were
they claim their requirements for an MPI version running on
an GPU.
Another approach, which allows direct sourcing network
traffic from the GPU is GGAS [3], which creates a global
address space for communication in GPU-Clusters and completely avoid host accesses. However, GGAS requires a special
kind of hardware, which is currently only available as an
FPGA.
In [5] the efficiency of different GPU-to-GPU communication methods and their impaction application were examined.
However, this work only looks on hybrid models, where the
CPU is used for communication, and new techniques like
GPUDirect RDMA were not considered.
The most common way to utilize a GPU cluster is a hybridprogramming model, which uses a host-based communication
library to control the data transfer. In [6] Wang et al. introduce
MVAPICH2-GPU, an MPI-Version for Infiniband that can use
pointers to GPU memory. This work is optimized in [7] and
in [8] to using GPUDirect technologies.
Another framework for GPU support is MPI-ACC, which is
introduced in [9] by Aji et al. Its main focus is to be portable,
so it not only supports CUDA but also OpenCL.
PGAS based communication frameworks, supporting GPUs
are OpenShmem [10], GPI2 [11] for GPUs [12] or UPC for
GPUs [13]. Also some of this approaches use GPUDirect
RDMA technology, the communication handled by the host
respectively the CPUs.
Controlling and Infiniband device from an accelerator device was discussed for example [14] for the Intel Xeon Phi
. However, the Xeon Phi has a Linux runtime-system, which
allows porting of device drivers and use a direct interface. This
approach is currently not applicable for GPUs.
III. BACKGROUND
In this section we describe the GPU architecture and the
CUDA programming model. Then we provide a short introduction into the Infiniband architecture and how network traffic is
sourced and sink on an Infiniband card. But first, we start to

give a short introduction into the terms pinned and registered
memory.
A. Pinned and registered memory
Peripheral devices like GPUs or network cards are able to
direct access host memory. For this, the memory has to be
pinned and registered for this device. Pinned memory means
that the memory is locked and cannot be swapped. This allows
static virtual to physical address translation. To register this
memory for a device, the operation system kernel calculates
the physical page addresses belonging to a virtual memory
address. The device uses these addresses to create an own
page table. By this, the peripheral device can direct access the
host memory without any CPU involvement.
B. GPU and CUDA
A GPU is a peripheral device, which is connected to the
host through a high speed IO slot, which is in most cases
PCIe. A GPU has its own dedicated device memory, up to
12 GB on modern GPUs. Data transfer between host and GPU
is usually performed by the DMA engine of the GPU, which
has direct memory access (DMA) to both, host memory and
device memory. To access host memory, this memory must be
pinned and registered.
GPUs are high-core-count devices with multiple Streaming Multiprocessors (SMs), which are composed of a large
number of processing cores. GPUs are optimized for high
a high parallel execution model, which is referred as single
instruction multiple threads (SIMT) model, while the single
thread performance of a GPU is low compared to modern
CPUs.
Threads are organized in blocks, but the scheduler of the
GPU doesn’t handle each single thread or block; instead
threads are scheduled in warps (typically 32 threads). These
warps are scheduled to the SMs during runtime. Context
switching between warps comes at negligible costs; so longlatency events can easily be hidden. To maximize sustained
performance, threads within a warp have to have similar
control flows, as the scheduler is not able to handle such
unaligned control flows efficiently. Therefore, all threads of
one wrap will block if only a single thread performs a specific
branch.
CUDA (Compute Unified Device Architecture) is a parallel
computing platform and programming model for NVIDIA
GPUs. It provides a virtual instruction set to manage GPU
device memory and to start and synchronize computation
kernel on the GPU. A more detailed description of GPUs
and CUDA can be found in the excellent book by Kirk and
Hwu [15]. Although we use CUDA in this work, all principles
are also applicable to other GPU programming languages,
including OpenCL.
C. Infiniband
Infiniband is a very popular interconnect, which is currently
used by 41% of the top500 high performance computing
systems [16]. Infiniband supports remote direct memory access

device, the Infiniband HCA must be able to read and write
GPU device memory. To initiate the data transfer, the GPU
must control the network device. We describe first, how the
direct data transfer is realized, next we describe, how the GPU
is enabled to control the network device.
A. GPUdirect RDMA

Fig. 1. Using GPUDirect RDMA by mapping GPU memory to the user space

(RDMA), which allows direct reading and writing memory
of remote node. It also support send and receive and atomic
operations on remote memory regions.
To allow the Infiniband device access to memory, this
memory must be pinned and registered.
Communication in Infiniband is handled between so called
queue-pairs (QPs). A QP consists of two queues: one for sendand one for receive-requests. RDMA request are submitted
to the send queue. Every queue also has a corresponding
completion queue, where the Infiniband network interface or
host channel adapter (HCA) confirms the completion of an
operation.
To initiate a data transfer, a work request has to be generated. This work request contains all necessary information of
the communication, like the local address, the transfer size or,
for RDMA operations, the remote address. This work request
is submitted to the queue, a ring buffer in registered host
memory.
If work request is submitted, the CPU writes to the so-called
doorbell register. The doorbell register is a special register
of the Infiniband device, which can be mapped to the user
space with memory-mapped IO (MMIO). If a notification to
the doorbell register is written, the Infiniband HCA reads
the work request and performs the communication. If the
communication is completed or if an error occurred, the HCA
writes a notification to the completion queue, which can be
used by the host to confirm the completion of an operation.
An good and more detailed introduction into the Infiniband
architecture can be found at [17].
IV. D EVICE TO DEVICE COMMUNICATION BETWEEN GPU
AND THE I NFINIBAND NETWORK DEVICE
In this section we describe, how direct communication
between multiple GPUs is realized. Sourcing and sinking of
communication request directly from the GPU requires direct
communication between the Infiniband HCA and the GPU. As
both are peripheral devices, this is referred as device-to-device
communication. This is originally not supported and requires
several changes in the device drivers and user space libraries,
which are now explained in more detail.
We have to consider two ways of communication: To
directly transfer data between two GPUs via the Infiniband

In 2012, Nvidia released CUDA 5, together with a new
feature, called GPUDirect RDMA. GPUDirect RDMA allows
RDMA capable devices to direct access to GPU device memory, so data can be directly transferred between two GPUs
without buffering in host memory. This technique requires
some changes in the network-device drivers, which are described in the CUDA toolkit documentation and can be found
at [18]. Mellanox released a patch for their Infiniband devices,
which is available as a beta release on [19] and will be official
released with CUDA 6. Still, we developed our own version
of the patch for two reasons: The Mellanox patch only allows
the registration of memory regions, which are used, for data
transfer. This is sufficient for host controlled device-to-device
data transfer. Our approach also allows allocating Infiniband
queues on GPU device memory. Besides, our approach also
allows direct polling of GPU memory from host. However,
the final result of both patches is the same: the Infiniband
device can access GPU device memory by using physical
addresses. Therefore, there are no performance differences
between the Mellanox patch and our version for GPU to GPU
data transfers.
To allow an Infiniband HCA to access host memory, the
device requires the physical addresses. Within the physical
address space are linear windows called PCI base address registers (BAR), which are normally used to control a peripheral
device from host and every common PCI/PCIe device provides
at least one BAR. However, from the device points of view,
there is no difference, if a physical address points to host
memory or the BAR of another device. GPUDirect RDMA
allows mapping GPU device memory to one of the BARs of
the GPU.
Our GPUDirect solution works in two steps. We developed
a small device driver and user space library, which pins GPU
device memory and maps it to the BAR of the GPU. The
BAR addresses of the GPU are mapped to the user space
with memory mapped IO (MMIO), like shown in Figure 1.
Since the BAR-addresses are pointing to the GPU memory,
this allows direct access to the GPU memory from host without
special communication functions.
Next, this virtual MMIO-address is handed over to the Infiniband memory registration function. This function forwards
the address to the Infiniband device driver. For a normal user
space address, the device driver would pin the memory and
calculate the physical page addresses. This operation fails
for MMIO addresses. So, we developed a small patch for
the Infiniband user space driver. This patch recognizes, if a
virtual address is an MMIO-address and calculates the physical
addresses belonging to the address. These physical addresses,

(a) Buffers on host

(b) Buffers on GPU

Fig. 2. PCIe accesses to source and sink communication requests on the
GPU, solid lines are write request, dashed are read requests

pointing the GPU-BAR, are handed back to the Infiniband
device driver.
The disadvantage of this solution is that it adds some
overhead to the application due to address translation, since
the Infiniband device driver and the host are using another
address then the GPU to access the memory.
B. Creating an network interface on the GPU
GPUDirect RDMA allows a direct data transfer between the
memories of two GPUs on different nodes, but the communication has to be controlled by the host. To allow the GPU to
control the network device, further steps are required.
1) Setup connections on the host: The first step is to set
up an Infiniband context on host. This step requires a several
operation system calls and therefore cannot be performed by
a GPU.
First, an Infiniband context is created, which means that
network device is initialized. For our purposes the most
important part is the doorbell register. Every Infiniband context
gets its own doorbell register that is mapped to the user space
with MMIO. This doorbell register is required to source and
sink network traffic, like mentioned in section III-C.
Next, a protection domain is created. Protection domains
allow associating multiple resources like completion queues
and queue pairs with a single domain of trust.
For this protection domain the completion queues and the
queue pairs are created. The creation includes the allocation
and registration of the ring buffers.
We create QPs and the corresponding completion queues
and establish connections to remote QPs. To enable RDMA
access, we register memory regions on GPU devices memory
and exchange the information about these memory regions
with the remote nodes. A more detailed description about the
setup routines for Infiniband connection on the host can be
found at [20].
2) Map the resources to the GPU-Address space: To allow
the GPU to directly access the resources that are required to
source and sink network traffic, these resources have to be
mapped to the address space of the GPU. To map the doorbell
register to the GPU address space, we handle the virtual
MMIO address to the CUDA function cudaHostMemRegister.
Like the Infiniband device driver, the GPU driver normally
would fail by trying to register this address. However, we apply
the same patch we use for the Infiniband driver to the low

level GPU device driver to allow mapping MMIO addresses
to the GPU address space. Although most of the Nvidia driver
is only provided as a binary, the memory-locking function
nv lock user pages has to be linked against the operation
system; therefore this part of the driver can be manipulated
after extracting the Nvidia driver package. There are two ways
to allow the GPU to access the queue ring buffers. Either, the
queue buffers are allocated on host memory and then registered
for the GPU with cudaHostMemRegister. Or, the buffers are
directly allocated on the GPU and our GPUDirect RDMA
patch is used to register these buffers for the network device.
By this, we avoid host memory accesses from the GPU trough
the PCIe bus.
Figure 2a and Figure 2b shows how many accesses through
the PCIe bus are required to source and sink a communication
request from the GPU for both cases. In Figure 2a the queues
are located on host memory. First, the GPU has to write the
work request to host memory (1). Then, the GPU writes to
the doorbell register to initiate the communication (2). The
network device reads the work request from the host (3) and
starts the data transfer by reading or writing the data directly
from the GPU (4). If the communication is completed, the
Infiniband device writes a completion to the host memory (5).
To verify the completion, the GPU reads this completion from
host memory (6).
In Figure 2b the buffers are allocated on GPU device
memory, and the GPU doesnt have to go trough the PCIe
bus to write a request. Still, the GPU have to write to the
doorbell register (1) to initiate the data transfer. The network
device reads the work request from GPU memory (2). If the
data transfer (3) is completed, the Infiniband device writes
the completion directly to GPU memory (4), where a GPU
thread can consume the completion notification without further
accesses trough the PCIe-bus.
However, to allow the allocation of queue buffers on the
GPU, we implemented the functions ibv create gpu cq and
ibv create gpu qp , which creates the completion queues and
QPs with ring buffers located on GPU memory.
3) Setup an Infiniband context on the GPU: In the last
step, we have to setup an Infiniband context on the GPU. All
necessary resources are transferred from the host to the GPU.
These resources include the mapped addresses of the queues
and the doorbell register, but also local identification numbers
for QPs or memory regions.
To keep the overhead as small as possible, only the necessary information is ported to the GPU. We developed a
small framework, which manages the Infiniband resources
on the GPU and allows sourcing of communication requests
and polling on the completion queue. For this, we port the
following functions of Infiniband user space library to the
GPU: ibv post send, ibv post revecive and the ibv poll cq.
We do this by copying most of the host code to the GPUs.
Since the creation of work request and posting to the doorbell
register can’t be parallelized, there is hardly any optimizing
for the GPU. Nevertheless, we reduce the functionality of the
operations to a minimum to keep the overhead as small as

(a) Sourcing of communication requests

(b) Completion of communication requests

Fig. 3. Host assisted sourcing and sinking of a communication request

possible.
To avoid race conditions, we also make sure that only one
block can access these resources concurrently and only one
thread per block can source requests. We apply a mutex to
theses functions using GPU atomic operations, like described
in [21].
After this is done, the GPU is able to source autonomously
send, receive and RDMA requests to the Infiniband HCA by
completely bypassing the host CPU.
C. Host-assisted sourcing and sinking of network traffic
The previous described solution requires a lot of changes to
network device drivers and user space libraries and also add
a lot of overhead to the GPU due to work request generation
and communication with the network device. Therefore, we
developed a more general, but host assisted solution to source
and sink network traffic from the GPU. The GPU still creates
a work request, but the request is forwarded to the CPU, which
actually performs the communication. A similar approach
was described in [1] for message passing. Still, message
passing adds additional overhead to the communication and
techniques like new GPUDirect RDMA help to improve internode communication, whereof our approach can benefit. We
use the GPI2 for GPUs as communication layer, since it adds
very low overhead to the communication, especially compared
to MPI [22].
Our solution use GPUDirect RDMA technology to direct
transfer the data between two GPUs, but also copies in host
memory are supported, since the complete data transfer is
controlled by the CPU. We use a callback-mechanism, like
described in [23] to post a communication request from the
GPU to the CPU. In this approach, the CPU polls for a flag
in host memory, which is also mapped to the GPU address
space. The GPU writes to a flag to request a communication
request. We borrow the idea of queues from the Infiniband
device and the GASPI specification [24]. An Infiniband host
queue pair gets its counterpart on the GPU. This counterpart
is a registered host memory buffer, which is also accessible
from the GPU.
In Figure 3a is shown, how the GPU initiates a data transfer.
First, the GPU writes the request that contains all necessary
information for the communication to the queue (1). After
the request is written, the GPU writes to a callback flag on

host to notify the CPU about the new work request (2). On
host, a thread polls for the callback flags (3). If a new request
arrives, the host accepts this work by writing a new value
to the callback flag to notify the GPU that the request was
accepted (4). The GPU accepts the flag (5) and can resume
the computation work. Meanwhile, the CPU uses the work
request in the host buffer (6) to initiate the communication (7).
This may require further communication between the network
device and the CPU. For a better overview we omitted these
steps in Figure 3a.
For the completion of a communication request a similar
approach is used, like shown in Figure 3b. The GPU sends a
request to the host by writing to a request flag (1). If the CPU
accepts this request (2), it communicates with the network
device to verify the completion of a communication request
(3). Once the completion has occurred, the CPU notifies the
GPU about this by updating the flag. The GPU accept this
completion and now can resume the work.
This implementation adds less communication overhead to
the GPU than the previous described approach. However, the
main disadvantage is that a thread is required to the control
the communication. Since this thread is in a polling state, it
consumes CPU cycles and thereby power.
V. P ERFORMANCE R ESULTS
In this section we analyze the performance results of our
previous described approaches. Our test system consists of
two machines, each with two Intel 6-Core Xeon X5660, and
directly connected using Mellanox Connect X3 Infiniband.
Each machine is equipped with on Nvidia Kepler K20 GPU,
which comes with 13 SMs, each with 64 double precision
cores; or 832 cores in total. The GPUs are equipped with
5GB GDDR5 device memory and support GPUDirect RDMA
features.
Since our approach requires a lot of changes in the device
drivers and Infiniband user space libraries, we were not able
to run our tests on a larger cluster. However, the scope of this
work is to analyses the capabilities of GPUs to source and
sink network traffic and for this, a test system with two GPUs
is sufficient.
We use latency and bandwidth test to analyze the basic performance. We also implemented a barrier as synchronization
primitive. Since Infiniband also support atomic operations on
shared memory regions, we also test the performance of these
operations on GPU memory segments. As a more complex
example, we run a basic Jacobi benchmark that is based on
stencil operations and requires boarder exchanges.
A. Latency
Our first test is a simple pingpong benchmark to measure
the latency of a GPU initiated data transfer. For this, we start
one kernel on each GPU, which performs the polling and
communication for a given number of iterations. We use the
Infiniband rdma_write operation to directly write to the
memory of the remote GPU. We measure the runtime of this
kernel and divide it by the number of the iterations. It the

(a) small data sizes

(b) large data sizes
Fig. 4. Latency of GPU to GPU data transfer

(a) small data sizes

(b) large data sizes
Fig. 5. Bandwidth of GPU to GPU data transfer

number of iterations is large enough, the kernel launching and
synchronization overhead can be neglected. We compare our
results with a hybrid version, were the host solely controls
the network device. To take the effect of context switches into
account, we use a CUDA kernel to poll on the data. If the
data has arrived, the polling kernel is completed and the host
starts the data transfer.
For comparison purposes, we also measure the pure data
transfer latency, which neglects the overhead of finishing and
restarting the polling kernel. The results are shown in Figure
4a for small data transfer sizes and in Figure 4b for lager data
transfer sizes.
Unexpectedly, sourcing and sinking of network traffic directly from the GPU do poorly, especially for small message
sizes. It only makes a small difference if the queue buffers are
allocated on GPU or on host memory. The host assisted version
is performing best for all message sizes, but only slightly
better than the hybrid version taking the context switches into
account. However, the pure data transfer latency, measured on
host, is significantly better than the all versions taking the GPU
into account.
For large messages the latency doesn’t differ between all
approaches, as shown in Figure 4b.
The results also show the benefits of the GPUDirect RDMA-

technology compared to previous approaches, were host copies
where required. Due to the overhead of host-memory copies,
the minimal latency for a host initiated GPU-to-GPU data
transfer were around 30 µs [5].
B. Bandwidth
Our second test is the bandwidth test. For this, multiple remote write requests are posted to one queue and synchronized,
if the queue is full. Again, only one GPU kernel is started
to perform this work. We compare the bandwidth with a host
initiated data transfer between the GPUs. Since no GPU kernel
is started, this benchmark doesn’t take the context switches
into account. The results are shown in Figure 5a and 5b.
For small messages, the bandwidth of a host initiated data
transfer is much higher than the bandwidth of a GPU initiated
data transfer. Only for messages larger than 32 kByte, a GPU
initiated data transfers reaches the same bandwidth like a host
initiated data transfer.
The maximal bandwidth is around 980 MBytes/s, what is
much lower than the expected hardware bandwidth, which
is around 3 GByte/s for a host to host data transfer using
Infiniband QDR. For data sizes larger than 1 MByte the
bandwidth even falls down to 800 MBytes/s. This results
are in particular disappointing, if we compare them with

the results in [5], [8] and [12], where a bandwidth between
2.6 GB/s and 3 GB/s are reached for a GPU-to-GPU data
transfer using Infiniband QDR. However, the low bandwidths
is caused by the insufficient support of PCIe device to device
communication in common Intel chipsets, which limits the
bandwidth of direct device to device data transfers.
A higher bandwidth currently only can be reached, if the
data are buffered in host memory. However, this limitation
may be eliminated in next generation chipsets.

Fig. 6. Performance of atomic operations and barrier

C. Atomic Operations and Barrier
The performance of Infiniband atomic operations on GPU
memory are shown in Figure 6. The host version doesn’t
take context switches into account, but the atomic operations
are performed on GPU memory. Again, GPU initiated atomic
operations are doing poor. Of these, the host-assisted version
is performing best, since it is more than three times faster than
the GPU-only versions.
In Figure 6 also the performance results of a barrier are
shown. However, since we only use two GPUs for our basic
tests, this result doesnt say anything about scaling. Still, the
GPU initiated versions a performing much worse than the CPU
initiated version.
D. Stencil Code
As a more application level benchmark, we implemented a
3-D stencil code. 2-D thread blocks process the grid from the
bottom to the top. The domain is sliced along the z-direction
between the GPUs, so the boundary values are on the top and
bottom of the grid processed from different blocks.

Fig. 7. Performance of a stencil code with different problem sizes

To guarantee data consistency, the last block processing the
grid, sources the network traffic. We use CUDA atomic operation to determine this last block. We used a flag mechanism,
to synchronize the sending and the receiving side. The flag
is checked, once the remote data are needed. This allows an
overlapping of communication and computation on the GPU.
The results are shown in Figure 7 for two problem sizes.
We compare our results with hybrid version, using GPI2 for
GPUs [12] as a communication layer. We implemented two
versions of this hybrid version. The simple one only starts
one kernel, synchronizes this kernel and then performs the
communication. The second one overlaps communication and
computation by starting two kernels, one for the upper part
and one for the lower part. The calculation of the upper part
is overlapped with the transfer of the bottom boundaries and
the other way around.
The hybrid versions using GPI, both the optimized and the
simple version, are performing much better than the versions
sourcing and sinking network traffic directly from the GPU.
The optimized hybrid version is two times faster than the
versions, where the GPUs control the network device.
VI. R ESULT D ISCUSSION
Our results show, that controlling the network device from
the GPU currently doesn’t provide any performance improvements but in some cases deterioration.
To find the cause for this behavior, we measure the latency
of sourcing a communication request on the GPU and the
CPU, without the message transfer latency. In other words, we
measure the runtime of the function ibv post send on both,
host and GPU. The results are shown in Table I.
TABLE I
RUNTIME OF ibv ibv post send ON DIFFERENT PLATFORMS
GPU
host-assited

GPU
buffers on GPU

GPU
buffers on Host

CPU

6.6µs

9.6µs

10.5µs

0.1µs

It takes more than 100 times longer to source network traffic
on the GPU than on the host. The host-assisted version is
only slightly better. The work request generation on the GPU
outperforms the actual data transfer latency for small message,
while it can be neglected on the CPU.
We assume two reasons for this behavior: First of all, the
work request generation can only be done by a single thread,
while GPUs are only optimized for multi-threaded work and
the single thread performance of a GPU is very low. Besides,
GPUs are optimizes for floating point operations, and not for
work request generation.
Second, the work request generation requires several accesses to the global device memory or the host memory,
which are routed through the PCIe-bus. Since a single thread
performs these accesses, they cant be coalesced. In contrast
to CPUs, GPUs are not optimized for low latency memory
accesses. Normally, long latency memory accesses are hided

by scheduling another wrap of threads [15], but this doesnt
work for single-threaded work like work request generation.
For the poor performance of the stencil benchmark further
causes have to be added.
While one GPU thread communicates with the network
device, all other threads of this wrap block and cannot continue
the calculation. Since GPU threads are non-preemptable, and
it’s not guaranteed when a specific thread is scheduled, it is
also not possible to offload the communication work to one
specific thread or block.
Furthermore, if the CPU is used for communication, this
work is outsourced to the CPU, which also allows a better
overlapping of communication and computation and reduces
the work for the GPU.
VII. C ONCLUSION
We showed in this work, that the device drivers and user
space libraries of Infiniband network cards and GPUs can be
modified to allow the GPU to control the network device and
independently source and sink network traffic. However, our
performance results show that this approach does not improve
but deteriorate the performance of simple applications. It’s
even faster for the GPU to initiate the CPU to control the
communication than doing this itself. This is caused by the
overhead of work request generation on GPUs. While CPUs
are highly optimized for this single-threaded work, the GPU
performs poorly.
However, communication in GPU accelerated clusters remains a challenging problem. For future exascale systems,
power efficient communication strategies must be found. We
see two basic options to allow efficient communication directly
from the GPU. Either a hybrid solution, where the GPU is
equipped with a low power CPU, which is optimized for single
threaded work like communication and work flow control. Or,
another kind of network hardware is required, which allows
an easier sourcing and sinking of communication requests and
is more in line with the high-parallelized GPU model.
Our future work will look more closely into both directions.
First of all, a power analysis is required to verify if direct
sourcing and sinking of network traffic from the GPU can help
to save power. We also will have a closer look on other RDMA
capable hardware, which may be better, suitable for GPUs to
initiate data transfer. We also will have a closer look at the
new CUDA-dynamic parallelism feature that allows starting
computation kernels directly from the GPU. Maybe this feature
will help to develop more efficient GPU-only solutions.
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