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A B S T R A C T

In General-Purpose computing on Graphics Processing Unit (GPGPU), the use of CPUs is combined with that
of GPUs. CPUs are used for sequential code, while GPUs are used for parallel code. GPGPU has been enabled
by two key factors: (i) the massively parallel architecture of GPUs, which allows thousands of single cores
to run parallel code; and (ii) the development of platforms, such as CUDA, that simplify implementing code
for GPUs. GPGPU has established itself as the standard computing system in most computing fields due to
the great improvements it brings. However, its use is not without problems, such as GPU underutilization,
high cost, power consumption, etc. In this paper we present NGS (Network GPGPU System) to address the
underutilization of GPUs in computing centers. NGS orchestrates the concurrent access to GPGPU resources
from different nodes of the cluster by leveraging the remote GPU virtualization mechanism and the NVML
library by NVIDIA. In this way, NGS enables different nodes of the cluster to access remote GPUs as if they
were local at the same time that this access is guaranteed to be carried out without collisions. The main
novelty is that NGS offers a global and standard solution independent of the computing environment used.
Experimental results show up to 4x improvements compared to popular approaches.
1. Introduction

Using GPUs (Graphics Processing Units) to accelerate computing has
become tremendously popular during the last two decades. The begin-
nings of GPU computing date back to the early 2000s when several
studies demonstrated the computational capabilities offered by GPUs
in the field of linear algebra [1,2]. This trend was consolidated in what
it is known today as GPGPU (General-Purpose computing on Graphics
Processing Unit) [3]. In GPGPU, the use of the CPU is combined with
the use of GPU. Thus, the CPU is used in the parts of the execution
where sequentiality and logical operations predominate, while the GPU
is used in the most computationally intensive parts. GPGPU has been
enabled by two key factors. Firstly, the massively parallel architecture
of GPUs together with their high memory access bandwidth, which
allows the thousands of single cores available on GPUs to perform par-
allel floating point operations at high speed and with very high energy
efficiency. The second key factor is the development of platforms, such
as CUDA (Compute Unified Device Architecture) [4,5] and OpenCL
(Open Computing Language) [6,7], which have allowed developers to
program and compile code to be executed on GPUs in an efficient and
relatively simple way.
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GPGPU is currently widely used in high-performance computing
(HPC) and artificial intelligence (AI) due to the enormous computa-
tional power that these devices have achieved. According to the latest
update of the Top500 (June 2023) [8], 8 of the 10 most powerful
supercomputers in the world use GPU acceleration. GPUs have been
systematically improving their performance year after year. In the
decade from 2010 to 2020 they multiplied by 20 times their compu-
tational capacity in FP64 operations growing at an annual rate of 35%
which is still maintained today [9]. In terms of power consumption,
GPUs have very high power consumption. For example, the NVIDIA
H100 PCIe GPU has a power consumption of up to 350 W [10].
Nevertheless, they are extraordinarily efficient devices due to their high
computational power. This is evident in the updates of the Green500
list [11], where the top 10 supercomputers always incorporate the lat-
est generation GPUs, rendering configurations with previous-generation
GPUs obsolete.

As we have seen so far, GPGPU has established itself as the standard
computing system in most computing fields due to the great improve-
ments it brings. However, the use of GPGPU is not without problems.
There are some challenges that must be faced in order to improve the
use of this technology. One of the main challenges presented by this
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technology is the difficulty of achieving optimal utilization of GPUs in
data centers. In general, studies [12,13] show an underutilization of
GPUs in data centers, one of the reasons being that compute clusters
often incorporate GPUs in all or most of their nodes in order to easy
the scheduling of GPU-accelerated applications. As a consequence of
populating most nodes with GPUs, accelerators are often idle, as nodes
also execute CPU-only applications. Furthermore, many applications
do not make an intense use of the GPU during the whole application
execution time. The low GPU utilization, along with the high cost of
these devices, results in slow cost recovery. Related to that, there is
also a great leap in computing power and energy efficiency every few
years. Thus, rapid cost recovery is key to leveraging the competitive
advantage that each new generation of GPUs presents over the previous
one.

As can be seen, it is necessary to establish mechanisms that increase
the utilization of GPUs in data centers. There are different approaches
to meet this challenge. We have identified the following: (i) use of GPU
virtualization mechanisms, (ii) use of improved GPU job scheduling
solutions and, finally, (iii) a combination of both. Next we present these
three approaches in more detail:

• GPU virtualization. There are several CUDA-compatible technolo-
gies based on GPU virtualization, such as MPS (Multi-Process
Service) [14], vGPU (Virtual GPU) [15], MIG (Multi-Instance
GPU) [16]. In general, these technologies allow us to create
multiple virtual instances from a physical GPU. Through these
virtual instances, a single physical GPU can concurrently provide
GPU acceleration services to more than one application. There
are also solutions based on remote GPU virtualization, such as
rCUDA [17], gVirtuS [18,19] or AVEC [20,21]. These solutions
go a step further and allow us to use virtual GPU instances over
the network, regardless of the physical location where the actual
GPU resides, thus noticeably increasing GPU utilization.

• GPU-job scheduling. Due to the rise in the use of GPU compute
acceleration in today’s data centers, most general-purpose sched-
ulers like Kubernetes [22], OpenPBS [23] or Slurm [24] support
the use of GPUs in order to improve the overall utilization of
GPUs in computing clusters. In addition there is also, especially
within the academic research field, a multitude of GPU scheduling
solutions tailored to specific tasks. Some examples can be found
in [25–27]. However, current GPU-job schedulers do not consider
the use of remote GPU virtualization despite the great benefits
provided by this mechanism.

• GPU virtualization combined with GPU scheduling. On the one
hand, we have the use of schedulers such as Slurm or Kubernetes
with MIG, vGPU or MPS technologies. But their use does not
provide a general solution; different approaches are needed for
different scenarios: HPC, Cloud Computing, etc. On the other
hand, there are also works where the use of remote GPU virtu-
alization is combined with the use of GPU scheduling [12,28],
showing that applying both mechanisms at the same time reports
large increments in GPU utilization. However, the mentioned
studies are still far away from providing a general solution to
industry.

As a response to the needs described above, in this work we propose
GS (Network GPGPU System), a general-purpose solution to address

he underutilization of GPUs in computing centers. The name of our
roposal, NGS, is a direct reference to the well-known protocol NFS
Network File System) used in distributed file systems in a computer
etwork environment. NFS allows different nodes connected to the
etwork to access remote files as if they were local. Furthermore, NFS
llows concurrent access to these files without collisions. In a similar
anner, NGS offers GPGPU services through the interconnection net-
ork. NGS allows different nodes connected to the network to share the

ystem’s physical GPUs in a robust and efficient way according to an es-
ablished usage policy previously defined by the system administrator.
2

Fig. 1. Architecture of the rCUDA remote GPU virtualization framework.

To that end, NGS works on top of a remote GPU virtualization solution
such as rCUDA, for instance, and orchestrates the concurrent access
to GPGPU resources from different nodes. In this regard, NGS takes
demands for GPGPU resources from several requesters and provides
the best fit to maximize GPU utilization according to a given metric.
Notice that requesters might be virtual machines, containers, regular
applications, etc.

The main novelty of our proposal is that NGS is a general solu-
tion for coordinating the concurrent demands for GPGPU resources
regardless of the exact location of the GPUs provided with respect
to requesters. Notice that NGS works in a very different way to job
schedulers. Slurm, for instance, takes requests for computing resources
and forwards the scheduled job to the node that satisfies the demand.
That is, Slurm moves jobs to the nodes where GPU resources are
located. On the contrary, NGS fulfills demands for GPGPU resources
from requesters by bringing GPGPU resources to them. That is, a
requester being executed in a given node will be brought GPU resources
that are physically located in other nodes of the cluster. Moreover, it is
important to remark that using NGS on top of a remote GPU virtualiza-
tion mechanism provides a much more flexible usage of the GPGPU
resources in the cluster than using the MIG or vGPU solutions. In
summary, NGS solves demands for GPGPU resources from requesters by
providing the intelligence that is missing in remote GPU virtualization
solutions.

The main contributions of this paper are: (i) introducing the NGS
solution, (ii) an in-depth description of its architecture, implementation
and operation; and (iii) an extensive performance evaluation.

The rest of the paper is organized as follows. Section 2 presents
a review of the technologies on which NGS is based, mainly the
rCUDA remote GPU virtualization framework and the NVIDIA NVML
library [29]. Then, Section 3 presents related work. Next, Section 4
shows in detail the architecture of NGS, including both its implemen-
tation and operation modes. Later, a performance evaluation of NGS is
shown in Section 5. Finally, Section 6 summarizes the main conclusions
of this work and discusses potential future work directions.

2. Background

In this section we briefly describe the two components on which
the implementation of NGS is based. These third-party components are
the rCUDA remote GPU virtualization framework and the NVML library
developed by NVIDIA. It is important to remark that the NGS solution
is not tied to the rCUDA middleware. In this regard, NGS can also work
with other remote GPU virtualization solutions, such as gVirtuS for
instance. However, given that rCUDA supports more CUDA functions
and features than GVirtuS, we will use rCUDA in this work.

2.1. rCUDA: remote CUDA

The rCUDA [17] remote GPU virtualization middleware allows a
CUDA application running on a node which does not have a physical
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GPU to access a GPU installed on a remote node. Fig. 1 shows the
architecture of rCUDA. As it can be seen in the figure, rCUDA follows a
distributed client–server approach. In the client side, there is a library
providing the same API as CUDA. It is installed in the node running
the application requesting GPU services. In the server side, a daemon
is running in the node with the physical GPU installed. Communication
between the client side and the server is carried out over the network.

Based on the architecture shown in Fig. 1, the execution flow
of an application using rCUDA is as follows. Whenever the applica-
tion performs a CUDA request, the client side intercepts the request,
processes it, and forwards it to the server side. The daemon in the
server side proceeds with the request, running it on the GPU. Once the
request is finished, the server returns the results to the client, which
forwards them to the application. It should be noted that this process is
transparent to the application, which is not aware that the request was
executed on a remote GPU. This transparent process also includes the
source code of the application, which is not modified to use rCUDA.
Actually, if the application was compiled to make use of the CUDA
library in a dynamic way (linking to the library at run time), it is not
necessary to recompile the application. The same binary can be used
with rCUDA.

In order to use rCUDA, different environment variables must be
defined in the client node prior to the execution of the application. In
addition to force the use of the rCUDA library instead of the CUDA one
by properly setting the LD_LIBRARY_PATH to point to the folder with
the rCUDA binary, it is necessary to define the exact amount of remote
GPUs that will be provided to the application as well as where those
physical GPUs are located. That is, in which nodes of the cluster they
are installed. As mentioned above, in the nodes with physical GPUs to
be remotely used by the application, the rCUDA server should be in
execution before the application is launched.

The environment variable RCUDA_DEVICE_COUNT is used to de-
fine the amount of accessible remote GPUs. Moreover, the
RCUDA_DEVICE_[ID] variable is used to indicate the specific loca-
tion of each of these remote GPUs. The location is specified by the IP:ID
pair, where IP refers to the IP address of the server (or its name) and
ID corresponds to the CUDA identifier of the GPU within that server.
Finally, the memory requested on each GPU is defined by the envi-
ronment variable RCUDA_RESERVED_GPU_MEMORY_[ID]. For ex-
ample, to access remote GPUs 0 and 3, located on server 192.168.1.32
and reserving 1 GiB and 2 GiB of memory on them, respectively, we
will define the following environment variables on the client side:

export RCUDA_DEVICE_COUNT=2;
export RCUDA_DEVICE_0=192.168.1.32:0;
export RCUDA_DEVICE_1=192.168.1.32:3;
export RCUDA_RESERVED_GPU_MEMORY_0=1024;
export RCUDA_RESERVED_GPU_MEMORY_1=2048;

Once the environment variables are defined, the application is
launched and rCUDA takes care of connecting to the rCUDA server in
the node with IP address 192.168.1.32 and forwarding every CUDA call
to it.

2.2. NVIDIA NVML library

The NVIDIA Management Library (NVML) [29] provides a C-based
API for monitoring and managing various states of the NVIDIA GPU
devices. The runtime part of this library is included with the NVIDIA
driver, and the NVIDIA Software Development Kit (SDK) provides the
headers and the stub libraries to use it.

This library provides important information about the GPU states.
Some of these parameters are: Error Correction Code (ECC), GPU and
memory utilization, active compute process, clocks and Performance
State (P-State), temperature and fan speed, power management, etc. In
3

addition, it also allows users to activate or deactivate different modes
of use of the GPU, such as the exclusive or concurrent computing mode,
or the persistent driver loading mode.

As we will see in the next section, NGS uses the NVML library to
gather the state of the system’s GPUs in real time. Using this informa-
tion, NGS is capable of distributing workloads between different GPUs
efficiently.

3. Related work

As discussed in Section 1, from our point of view the best strategies
to maximize the use of GPUs in current computing clusters are the ones
based on: (i) GPU virtualization, (ii) GPU-job schedulers, or (iii) the
combination of these two strategies. There are numerous works that
exploit all these strategies.

In [30] the authors demonstrate that using NVIDIA MPS and MIG
technologies the overall simulation throughput of full-GPU reservoir
simulators can be improved significantly without any modifications
to the software. In [31] the authors propose MISO, a technique that
combines the use of MPS to predict the best partitioning of modern
A100 and H100 GPUs using NVIDIA MIG. Using this technique authors
reduce the execution time in deep learning workloads. These works
demonstrate the virtualization capabilities offered by the latest genera-
tion of NVIDIA GPUs. However, these works lack the generality of our
proposal. MIG is only available from the Ampere architecture. It also
does not offer remote GPU virtualization. Even so, these works open
up future research based on combining them with our proposal NGS,
which looks promising.

ASTRAEA [25] and MARBLE [26] propose the use of two GPU job
schedulers. They focus on improving performance during deep learning
training. VAPOR [27] is a GPU sharing scheduler for distributed deep
learning workloads on GPU clusters. Like ASTRAEA, VAPOR minimizes
interference between jobs that share GPUs. The goal is to maximize
GPU usage and reduce execution time. All these solutions are based on
the development of custom GPU-job schedulers for deep learning-based
workloads.

In [32,33] the feasibility of using remote virtualization of GPUs in
virtualized environments is demonstrated. In these works, the use of the
rCUDA framework is exploited to provide GPU acceleration in virtual
machines under the Xen hypervisor. Results show that sharing GPUs
between virtual machines improves system productivity by maximiz-
ing GPU utilization. Finally, [12,28] combine the use of remote GPU
virtualization with general purpose schedulers, such as Slurm and the
TSUBAME2.5 supercomputer scheduler. These works show how remote
GPU virtualization offers a higher degree of freedom when scheduling
GPU jobs. This results in an increase in overall system productivity. In
both cases the proposals require ad hoc modifications to the schedulers
to support remote GPU virtualization.

Next, we would like to further discuss and highlight the differences
of the proposed solution with regards to existing works. In first place,
one feature we would like to deeper discuss and highlight is that, in
contrast to other works, NGS monitors GPU utilization at runtime. This
enables the implementation of active scheduling policies, which is usu-
ally not possible with other solutions. In this sense, existing works that
apply some kind of active scheduling policy are usually based on static
data. For instance, these works profile a particular application. Then,
based on the results of this profiling, they implement a scheduling
policy, which varies, for example, depending on the specific kernel run
on the GPU by the application. However, this scheduling is limited to
static data and to the applications profiled. In contrast, our proposal
uses data obtained at runtime. Apart from benefiting from a better
scheduling, this makes NGS more general, and thus it can be used with
any application.

This generality of our proposal is precisely another point we would
like to highlight. Unlike other solutions, NGS is not developed for
specific NVIDIA GPU architectures or models. Thus, NGS works for

any NVIDIA GPU architecture and model, which makes it a general
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approach. Additionally, the generality of our proposal can be further
extended. In particular, the NGS daemon responsible for the active
monitoring of GPUs could be adapted to other GPU manufacturers such
as AMD or Intel. To that end, it would be only necessary to use the
monitoring library provided by each manufacturer.

Finally, a very important feature that we would like to highlight
is that, in addition to local physical GPUs, NGS also supports remote
virtual GPUs. Contrary to other solutions, this support is transparent
and does not require ad hoc modifications to the schedulers. Thus,
thanks to NGS, an application running on a node without local physical
GPUs installed could safely and transparently use remote virtual GPUs
for improving its performance. Note that NGS decouples CPUs and
GPUs, therefore applications can use CPUs and GPUs regardless of
where they are physically installed.

4. NGS: Network GPGPU system

As mentioned above, NGS leverages a remote GPU virtualization
solution and the NVML library in order to orchestrate the concurrent
access to the GPGPU resources of the cluster from different nodes. To
that end, it accepts requests for GPGPU resources and looks for the fit
that maximizes GPU utilization according to some criteria. Although
the idea is quite simple, the implementation gets much more compli-
cated. This section provides an in depth insight of the NGS solution
by presenting the internal architecture of NGS along with the way it
works.

4.1. Architecture of NGS

NGS has a design based on a client–server architecture. It is there-
fore made up of two fundamental pieces, the NGS server and the NGS
lient. In addition, NGS also has a small daemon called NGS monitor
hich is executed in the nodes where physical GPUs exist. Next we
resent these components in more detail:

• NGS server. A single instance of the NGS server runs across the
entire cluster. It is usually launched as a system daemon in one
of the management nodes. All the intelligence of the NGS service
is concentrated in the NGS server. The NGS server performs two
fundamental tasks: (i) serving the requests coming from the differ-
ent NGS clients and (ii) maintaining the status of the system GPUs
by continuously communicating with the NGS monitor daemons
running in the nodes with GPUs.

• NGS client. This lightweight program is used by requesters in
order to communicate with the NGS server from any node in
the cluster. There are three types of communications between
NGS clients and the NGS server: (i) GPU resource request com-
munications, (ii) GPU resource release communications and (iii)
management communications, such as: show the status of the
GPUs in the system, change the GPU scheduling policy, view the
active jobs on each GPU, etc.

• NGS monitor. This small daemon is in execution in the nodes
where the GPUs are physically installed. This daemon is in charge
of registering the GPUs into the NGS server and monitoring the
GPU status in real time and forwarding it to the NGS server.
The monitoring of the GPUs is done by using the NVML library
revisited in Section 2. The monitoring task is carried out at the
default monitoring period of 10 s. Nevertheless, the frequency of
monitoring can be set to other values.

Fig. 2 shows the typical configuration of a cluster using NGS. As
e can see, there is a frontend or login node, a management node and

everal computing nodes. All of them can exchange data by means of
n interconnection network. The NGS daemon must be a single process
n the cluster and can be run in any node. In our example it is located
n a management node. In the computing nodes where GPUs exist, the
4

GS monitor must be launched. Finally, the NGS client is used at any r
Fig. 2. Typical cluster configuration with NGS enabled.

node in the cluster in order to request/release GPU resources or execute
management tasks. Notice that, contrary to the NGS server or the NGS
monitor, which are daemons, the NGS client is a regular program that
is run when needed during the short time required to accomplish its
function.

4.2. How NGS works

As we have seen in Section 1, NGS works on top of a remote GPU
virtualization solution (rCUDA in our case) and ensures that GPU com-
puting resources are accessible from any requester, regardless of where
the GPUs are physically located. In addition, NGS makes efficient use
of GPUs by maximizing their utilization by following a pre-established
usage policy. Furthermore, NGS guarantees that GPGPU resources in
the cluster are shared among requesters in a robust way. For instance,
it guarantees that when GPGPU resources in the cluster are exhausted,
no additional request is accepted until some resources are previously
released.

4.2.1. NGS start up
Continuing with the example in Fig. 2, the first step to start up the

NGS system will be to start the NGS server in a management node. Af-
terwards, the NGS monitors will be started in the nodes that incorporate
GPUs in order to monitor their status. By default all GPUs installed on
each node are monitored. However, it is possible to select only some
of them by leveraging the CUDA_VISIBLE_DEVICES environment
ariable provided by NVIDIA in the CUDA platform. The NGS monitors
ill contact the NGS server in an initial communication in order to

egistered the GPUs into the NGS system. Later, new connections will
e established periodically in order to update the status of the GPUs in
he NGS server in real time.1

.2.2. Operation of NGS
In general, the operation of NGS is based on allocating and de-

llocating GPU computing resources on demand so that those resources
re used by requesters thanks to the underlying GPU remote virtualiza-
ion framework. Resources are requested or released through the use
f the NGS client program, which transmits this information to the
GS server. The resources are requested by indicating the number of
PUs needed and also the available memory required on the GPUs.2 An
xample of a resource request is shown below:

1 Note that the underlying GPU remote virtualization framework must also
e active at this point. In our case, we started the rCUDA servers together with
he NGS monitors.

2 Notice that requests can be much more complex. For instance, it is
ossible to define the type or model of GPU. It is also possible to specify
onditions referring to their physical location. For example, it is possible to

equest two or more GPUs located on the same remote node, etc.
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./NGS_client -S $SERVER -alloc -g 2 -m 1024

where $SERVER is the NGS server IP address or hostname, the number
of GPUs to be allocated is 2 and the memory required per GPU is 1
GiB. The NGS server receives the resource request from the NGS client
and then searches among all available GPUs for the candidates that best
match the request. When the match is found, the NGS server sends back
to the client the rCUDA environment variables (similar to those shown
in Section 2.1) in order to enable the requester to use the remote GPUs.
Two additional environment variables (not belonging to rCUDA but to
NGS) are also sent: an operation identifier $NGS_OP_ID and an error
code $NGS_ERROR.

When the requester does not need the GPUs anymore, the resources
are released by indicating the NGS operation identifier. An example of
such release could be:

./NGS_client -S $SERVER -dealloc -i $NGS_OP_ID

When this information reaches the NGS server, the GPU resources
associated with the operation identifier $NGS_OP_ID will be released.

Concurrently with the request/release of GPU resources, the NGS
server will update the status of the GPUs in the system. To that end, the
NGS server will periodically communicate with the NGS monitors. In
this way, the NGS server has information on the actual status (memory
occupancy, usage percentage, temperature, etc.) of the GPUs in real
time and can make scheduling decisions according to that information.

Finally, remember that the NGS client is also used to change options
or query the NGS status. These queries are sent to the NGS server and
it returns the result. For example, we can change the GPU monitoring
period or the preset usage policy. It is also possible to query the status
of the GPUs in the system.

4.3. Policies and working modes within NGS

When a request for GPGPU resources arrives at the NGS server,
several policies can be applied during the process of selecting the best
fit for that request. Additionally, in case there is no possible fit at
the time of the request (for instance more GPUs are required by the
requester than GPUs available at that time) it is possible to wait until
the resources are available or, on the contrary, return an error.

In this section we present the available scheduling policies as well
as the blocking and non-blocking modes that can be selected by the
requester when placing the request.

4.3.1. Scheduling policies
There are two types of scheduling policies in NGS:

• Passive scheduling policies. When choosing GPUs to resolve a
resource request, the NGS server relies exclusively on the amount
of processes previously associated to the GPUs and on the previ-
ous reserved memory. Based on this information, the NGS server
selects the candidate GPUs.

• Active scheduling policies. The NGS server relies on the real-time
status of the GPUs (reported by the NGS monitors). That is, the
candidate GPUs to resolve a resource request are chosen based on
the percentage of GPU utilization or actual memory occupancy.

Currently NGS has the following passive policies:

• Round Robin (RR): GPUs are filled following a RR scheme.
• Performance (PERF): GPUs are filled by choosing the ones with

fewer processes.
• Energy saving policy (ECO): GPUs are filled until all their memory

is occupied. In this way, until a GPU memory is completely filled,
the NGS server does not consider another GPU.

Active policies are under development. Currently there is only one
active policy, called Best Fit (BF). In this policy the GPUs are chosen ac-
cording to the minimum average GPU utilization percentage, reported
5

by the NGS monitors, in a given period of time (by default last 5 min).
4.3.2. Blocking and non-blocking modes
Requests to NGS can be resolved in blocking and non-blocking

modes, depending on the NGS configuration at request time:

• Blocking requests. When the blocking mode is used, the client is
blocked until the requested GPUs are available and assigned. That
is, if at the time of the request there are not enough available
GPUs to satisfy the request, the client will be blocked until GPUs
are available and the request can be serviced. Currently, requests
are served in order of arrival following a FIFO strategy although
future versions of NGS could leverage better approaches in order
to maximize GPU utilization. Notice that an exception to the FIFO
order is requests that inevitably cannot be serviced at any time.
Instead of blocking the client, for these requests the server just
sends an error code ($NGS_ERROR variable). An example of this
could be a system with a total of 20 GPUs where a client requests
for 21 GPUs.

• Non-blocking requests. This type of requests never block the
client. They are resolved immediately by one of these three types
of response: (i) if the requested resources are available they are
assigned, (ii) if they are not available, an error code is sent
indicating that they are not available, and finally (iii) if the
requested resources are impossible to satisfy, an error code is sent
indicating this condition. Notice that in the (ii) case, it is the
requester who decides what to do if demanded resources are not
available at that time.

Notice that blocking and non-blocking modes are orthogonal to
scheduling policies. In this regard, these modes to not modify the
selection process in the NGS server but influence the way that the
NGS client proceeds when the demanded resources are not available:
in the blocking mode the NGS client blocks until resources are granted
whereas in the non-blocking mode the NGS client never blocks and the
requester decides how to proceed in case the demanded resources are
not available.

Finally, it should be noted that there is some configuration complex-
ity. Depending on the number of physical GPUs in the system and the
possible simultaneous requesters, it might happen that the aggregated
GPGPU resources demanded by all requesters exceed the available
resources. This could be a problem when using blocking requests, since
an unsatisfied blocking request can block the whole system. All of these
configuration details are the responsibility of the system administrator.

4.4. Trust model within NGS

An important concern that must be discussed is the trust model
within NGS. That is, if security issues are not considered, it could
be possible for users to misuse previous GPU allocations provided by
NGS to execute new jobs demanding remote GPU resources. That could
be carried out very easily just by appropriately setting the necessary
environment variables prior to the execution of the accelerated applica-
tion. Moreover, it could be even possible to aggregate the remote GPU
resources provided by several previous allocations by NGS and execute
applications using all those resources. In both cases, the consequences
could be catastrophic because malicious users could use GPU resources
that NGS has previously assigned to other users. This could also imply,
for instance, that authorized users would see how their applications
abort due to lack of GPU memory resources.

In order to avoid the security concerns mentioned above, a very
simple mechanism can be implemented within NGS and rCUDA. This
solution is the following: when a user requests GPU resources, NGS
provides the set of environment variables to be used by the applica-
tion, as mentioned in previous sections. Then, NGS will additionally
provide a new environment variable consisting of a string where all
the resources granted to the user are encoded. Moreover, NGS will also
encode a grant identifier within that string and will store that identifier
into its internal data. We could see this new environment variable as a
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single-use key: once the user receives the result of the allocation from
NGS and launches the application, the client side of rCUDA will use
the key to decode the remote GPU resources granted to the user and
will check whether those resources match the environment variables
set by the user. Additionally, the rCUDA client will coordinate with
NGS and check that the grant identifier has not been previously used.
When NGS is asked for a grant identifier, NGS deletes that identifier
from its internal data so that later queries using that identifier will
provide negative answers. With this simple trust model, NGS guarantees
that malicious users cannot use more resources than those granted.
Additionally, it also ensures that they cannot use the result from
previous allocations for future executions.

Finally, it is important to remark that this trust model is a proposal
and it has not been incorporated into the current version of NGS.
Therefore, in the performance evaluation carried out in Section 5,
the possible overhead introduced by this trust model has not been
considered. Nevertheless, the implementation of the trust model is a
very interesting point that will probably require further research to
minimize its overhead. Several possibilities can be devised to that end.
For instance, in order to reduce the overhead of the trust model on
the response time of the main NGS server, a separate daemon could be
implemented to keep track of single-use keys. This separate daemon
could even be executed in a different node to further reduce the
overhead of the main NGS server response time. Another possibility
could be to create small instances of this additional daemon and place
them into the nodes of the system. In this way, when a user submits
a request to the main NGS server, just after providing the allocation
result, the main NGS server would provide the single-use key to the
small daemon running in the node from which the request to NGS
was submitted. When the application starts execution and the rCUDA
client is loaded in that node, the rCUDA client would contact the
small daemon with very little latency. This option will both reduce the
overhead of the trust model on the main NGS server and reduce the
overall time required to check the single-use key. Other possibilities to
reduce the overhead of the trust model could also be considered.

4.5. Use cases for NGS

We have previously mentioned that the demands for GPGPU re-
sources can be placed by virtual machines, regular applications, etc.
Depending on the exact nature of the requester, a different use case of
NGS is carried out.

When the requester is a virtual machine, that virtual machine can
place the request during the startup stage. Later, the virtual machine
will release the acquired GPGPU resources during shutdown. This can
be done by making use of configuration files. This is similar to how
the /etc/fstab file is used during boot of an NFS system in order to
mount the NFS partitions and then this partitions are released during
shutdown. As can be seen, in this use case the GPGPU resources are
granted to the requester (the virtual machine) during all the time that
the virtual machine is active.

Another use case for NGS is associated with regular applications. In
this case, the GPGPU resources will be requested just before launching
an application that requires GPU acceleration and will be released just
after finishing the execution of such application. To achieve that, a
launcher could be used. That launcher wraps the command that runs the
GPU-accelerated application and incorporates, prior to the command,
the request for NGS resources (the call to the NGS client). Afterwards,
once the application is completed, the launcher will call again the NGS
client in order to release the GPGPU resources. Notice that from the
point of view of efficiency in the use of GPU resources, this use case is
much more efficient because GPU resources are only requested when
strictly necessary. In the use case of the virtual machine above, GPU
resources are granted to the virtual machine but they might not be in
use all the time by applications.

More use cases for NGS are possible. For instance, it is possible
to start a virtual machine without demanding GPGPU resources and
ask for those resources from the inside of the virtual machine when
6

GPU-accelerated applications are executed in the virtual domain. N
4.6. Implementation

The implementation of all NGS components has been carried out
using the C++ programming language to obtain a fast, powerful tool
with low consumption of system resources.

The NGS server is the critical piece of the entire system since it is
the most complex program. The NGS server follows the typical multi-
threaded server structure in which each incoming request is served by a
new thread. Once the request is serviced, the thread is destroyed. The
information corresponding to each of the system’s GPUs is organized
into objects. To reduce access time to these objects within critical
sections, some information is replicated across multiple objects.

The design of the NGS server has focused on the speed of responding
to requests. To that end, we have made a large effort in order to reduce
the execution time of internal critical sections within the NGS to the
minimum possible.3 Notice that execution time of these critical sections
will become key when the amount of concurrent requests to the NGS
server is large.

The NGS monitor is a daemon that runs on the nodes where the
physical GPUs are installed. A process is created4 per each GPU that is
responsible for maintaining the updated status of the main parameters
of the GPU on the server. Some of these parameters are: percentage of
utilization, occupied memory, running processes, temperature, power
consumed, etc.

Finally, the NGS client program follows a single-thread structure.
A connection is set up with the NGS server to obtain/release GPU
resources, or to change some server parameter.

5. Evaluation

In this section we evaluate our proposal. We use different metrics
to assess the overhead it introduces to the system both in performance
and resource consumption. First, we evaluate the overhead of making a
generic request. We also perform an in-depth study on the parallel pro-
cessing capacity. Next, we analyze the consumption of computational
resources, focusing on average CPU utilization and memory consump-
tion footprint. Finally, we compare our proposal with the widely used
Slurm [24] resource scheduler. As mentioned in the previous section,
note that in this section we do not study the overhead introduced by
the trust model of NGS because it has not been implemented in this
initial version of NGS.

5.1. Test bench

Our test bench consists of a total of nine nodes interconnected by a
Gigabit Ethernet network. The hardware configuration is as follows:

• One node where the NGS server daemon runs. This node has a
16-core AMD EPYC 7282 processor and 128 GB of DDR4 memory.

• Four nodes, each equipped with an NVIDIA A100 GPU, a 16-core
AMD EPYC 7282 processor and 128 GB of DDR4 memory. In these
nodes run the NGS GPU monitoring processes.5

• Four nodes from which requests to NGS are made. Each of these
four nodes is equipped with two 6-core Intel Xeon E5-2620 v2
processors and 32 GB of DDR3 memory.

3 Critical sections imply sequential execution where only one thread of
xecution can advance. Therefore, it is crucial to obtain a good level of
arallelism to reduce the percentage of execution time within these sections.

4 In this case it was decided to create processes and not threads for greater
obustness, since in the case of using threads, an error in one thread can end
p propagating to the rest of the threads and ruin the monitoring of all the
PUs on the node.
5 In this work we have performed a large scale evaluation of our system,

eaching a total of 1024 GPUs. For this purpose, we have launched up to 256

GS monitoring processes in each of these nodes.
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Fig. 3. Runtime overhead introduced by NGS when making a generic request for
ifferent monitoring periods.

Finally, in terms of software, all nodes have the Ubuntu 20.04
TS operating system installed. The GPU nodes also have CUDA 11.3
nstalled with the NVIDIA driver version 465. 19.01.

.2. Runtime overhead introduced by NGS

In this section we evaluate the runtime overhead that the overall
ystem presents due to the use of NGS. As we have explained in
ection 4, NGS can be used to provide GPGPU resources to applications
y using a launcher that will wrap the GPU-accelerated application
ommand with a request and a release of GPU resources. This intro-
uces a small runtime overhead when requesting or releasing GPUs.
e use a generic request to evaluate this overhead. This generic request

onsists of using the launcher to allocate a generic GPU,6 run an empty
job, i.e. an empty bash script, and release the GPU.

5.2.1. Overhead introduced by a generic request
Fig. 3 shows the execution time of a generic request under different

conditions. We can observe the effect of varying the monitoring period,
shown with different shades of brown. As we explained in Section 4,
this monitoring period indicates the time between updates of the state
of the system GPUs. Fig. 3 shows that varying this monitoring period
does not influence the time needed to serve a request. Thus, the results
are very similar regardless of the selected monitoring period: 10 (NGS
default value), 5 or 60 s. This is because NGS is able to update the
state of GPUs and resolve requests at the same time with almost no
interference.7 Fig. 3 also shows how the number of GPUs present in
the system affects the time needed to solve a generic request. Or, in
other words, the overhead introduced by NGS in the execution time
of applications. As we can see, the execution time of a generic request
varies from about 18.5 ms when we only have 16 GPUs in the system
to about 30 ms when the number of GPUs is 1024.

To find the correlation between the number of GPUs in the system
and the time needed to serve a generic request, Figs. 4 and 5 show the
breakdown of a generic request on both the client and server sides.
These figures show the main operations occurring on each side and
their respective execution times.8 In Figs. 4(a) and 5(a) we can see the
execution time of the following operations at the client side:

6 NGS allows a large number of modifiers when requesting GPUs. We can
hoose the number of GPUs, the type, the amount of memory in the GPUs,
tc. In this work by a generic GPU we refer to a single GPU regardless of
ype, memory, etc. and using a round robin policy.

7 When in NGS it is required to update the state of a GPU, this operation
ay interfere with the scheduling operation (same critical region, implies

equential execution). However, the NGS design seen in Section 4 makes this
ollision time minimal and no overheads are observed in the experimental
esults.

8 Note that client and server are different nodes and therefore have different
locks. However, in Figs. 4 and 5 we used a common clock. To achieve this,
e have manually synchronized both clocks. The synchronization has been
7

o

• Pre-initialization. In this phase tasks are performed prior to the
generic request. These tasks include the generation of a unique
time stamp from which we create an auxiliary file to store the
environment variables that NGS will provide us. The time cost of
the creation of the NGS generic request process by the operating
system is also accounted for in this phase.

• Create connection. In this phase the time consumed within the
generic request process to establish the TCP connection with the
NGS server daemon is accounted for.

• Send data. Time consumed during the operation of sending data
to the NGS server (i.e. the send function). The data sent consists
of a few bytes. Once the connection has been established, a
packet is sent with information about the resources requested,
such as number of GPUs, type of GPUs, etc. At the end, when the
request finishes, a second packet is sent with information about
the resources released.

• Recv data. Time consumed during the operation of receiving data
from the NGS server (i.e. the recv function). This data contains
the environment variables necessary for the correct operation of
rCUDA, i.e. the environment variables indicating the GPU to be
used.

• Job management. In this phase the empty job is executed. First,
the environment variables received in the previous phase are
exported. Then, an empty bash script is executed. Finally, the time
cost of creating the NGS resource release process by the operating
system is also accounted for.

Figs. 4(b) and 5(b) show the main tasks that occur on the server
side:

• Thread management. In the server, once a new connection is
accepted, a new thread is generated to attend it. The socket of
the connection is passed to this thread to communicate with the
client and thus parallelize work. In this phase the time cost of
creating and managing this thread is measured.

• Recv data. Time consumed during the operation of receiving the
data sent by the client (i.e. the recv function). This data contains
information about the resources requested options.

• Eligible? This phase evaluates whether the requested resources
can be served or not. In other words, it is evaluated whether
all the free GPUs in the system could satisfy the request. If this
is not possible, an error is returned to the client indicating that
the request cannot be satisfied. An example would be: a system
consisting of only two GPUs where a request for three GPUs is
received. Fig. 4(b) shows the general case, where it is assumed
that the request can be served.

• Resource search. In this phase, the time required to obtain the
exact resources requested by the client is accounted for.

• Send data. Time consumed during the operation of sending data
to the client (i.e. the send function). The data sent consists of a
few bytes and corresponds to the rCUDA variables that indicate
where to find the requested resources.

• Resource Release. Time consumed in releasing resources that are
no longer used.

The only difference between Figs. 4 and 5 is the amount of GPUs
present in the system, 1024 and 256, respectively. If we analyze in
depth Figs. 4(a) and 5(a), which show what happens on the client side,
we can clearly see that the main difference resides in the data reception
operation ‘‘Recv Data’’. The rest of the phases are executed in very

done during the initial connection phase, where on the client side the connect
unction is performed and on the server side the accept function. Therefore, we
ssume that both operations conclude at the same time on both sides, ignoring
he network time of a few microseconds. This time is negligible given the scale
f the graph in milliseconds.
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Fig. 4. Breakdown of a generic request in NGS with 1024 GPUs in the system and a monitoring period of 10 s.
Fig. 5. Breakdown of a generic request in NGS with 256 GPUs in the system and a monitoring period of 10 s.
Fig. 6. Runtime overhead introduced by NGS with 1024 GPUs when making multiple
simultaneous requests for different monitoring periods.

similar times regardless of the number of GPUs in the system. However,
on the server side shown in Figs. 4(b) and 5(b), we see three phases
that reduce their duration if there are fewer GPUs in the system. These
phases are: ‘‘Eligible?’’, ‘‘Resource Search’’ and ‘‘Resource Release’’. The
rest of the phases remain approximately constant and are therefore not
related to the number of GPUs in the system. This behavior is very
interesting and shows that the duration of the ‘‘Eligible?’’, ‘‘Resource
Search’’ and ‘‘Resource Release’’ phases is closely related to the num-
ber of GPUs in the system. The greater the amount of GPUs in the
system, the longer the duration of these phases. This is because the
time involved in exploring the different GPU structures to allocate or
release resources increases with the number of GPUs in the system. The
increase in the duration of the data reception phase on the client side is
a direct consequence of what happens on the server side. This is because
the data will not be sent to the client until it is computed on the server.

5.2.2. Parallel processing capacity
In this section we evaluate how NGS behaves when solving multiple

simultaneous requests. As we saw in Section 4, the NGS design tries
8

Fig. 7. Runtime overhead introduced by NGS with different number of GPUs when
making multiple simultaneous requests. The GPU monitoring period used is the default
one (i.e. 10 s).

to maximize the parallel computation of the different phases that take
place inside it.

Figs. 6 and 7 show the time required to serve batches of simultane-
ous generic requests of different sizes. These batches range in size from
a single request to 1024 simultaneous requests. As we can see from
Fig. 6, the variation of the monitoring period has no effect on the time
required to serve multiple requests. However, as we can see in Fig. 7, as
the number of GPUs in the system increases, the time needed to serve
the batches of requests increases. These results are consistent with the
analysis carried out in the previous section and we can attribute them
to the same causes. Therefore, we can conclude that the time needed to
serve concurrent generic requests does not depend on the monitoring
period, but on the number of GPUs in the system.

We can also observe that the processing time of these batches is
less than what we would obtain by sequentially serving the requests
in these batches. In this regard, Fig. 8 shows the speedup obtained
when processing concurrent requests with respect to their sequential
execution time. The left side of the figure shows the results for NGS
configured with 1024 GPUs, whereas the right side shows the results
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Fig. 8. Speedup obtained by executing concurrent generic requests compared to
sequential execution time. The left side shows the results for NGS configured with
1024 GPUs. The right side shows the results for NGS configured with 256 GPUs.

for 256 GPUs. In each of the configurations in Fig. 8, we reach the
maximum limit of concurrent requests that the NGS system can serve
without waiting for the release of resources. Thus, in the 1024 GPUs
configuration we reach 1024 concurrent requests, while in the 256
GPUs configuration we reach 256 concurrent requests. The maximum
speedup achieved is 4.64x and 22.58x, for 1024 and 256 GPUs, re-
spectively. There is a big difference in the acceleration obtained. It
is due to the percentage of the execution time in which calculations
are performed within the critical region. Note that these calculations
have to be performed sequentially because only one thread has access
to the critical region. The phases that cannot be executed in parallel
are: (i) ‘‘Thread Management’’, in which the main thread is in charge
of creating a new thread to attend the new request, and (ii) ‘‘Resource
Search’’ phase, in which NGS looks for resources to serve the request.
The sum of these two phases represents 19.3% of the execution time
in the configuration with 1024 GPUs, and 3.8% with 256 GPUs.9 For
comparison purposes, we have added to Fig. 8 a red line corresponding
to the theoretical speedup calculated using Amdahl’s law. Theoretically,
if NGS is configured with 1024 GPUs, 80.7% of the execution time
can be improved by parallel processing. The percentage increases to
96.2% when NGS is configured with 256 GPUs. The term improvement
corresponds to the number of simultaneous requests. As we can see, the
results show that NGS is capable of achieving the theoretical speedup
up to a certain point. Beyond that point, NGS begins to lose efficiency.
This is due to the large number of threads and communications in the
system, which increase proportionally to the number of simultaneous
requests.

5.3. Resource consumption analysis

In this section we evaluate the resource consumption of NGS. To do
this, we measure CPU usage and total memory used. First, we analyze
the resources required for the operation of NGS. Next, we study the
resources required to serve generic requests.

5.3.1. Resource consumption of NGS while not serving requests
As we saw in Section 4, NGS monitors the state of the GPUs in

real time. The objective of this monitoring is to efficiently allocate
resources according to the selected policy. Therefore, running NGS
(without serving resource requests) has a computational cost. This cost

9 Note that when processing a generic request it is also possible that GPU
tatus updates are performed. In this case, there is also a small access time to
he critical region. However, this has not been considered because, in general,
t is negligible. In addition, it will be very difficult to calculate its impact.
9

depends on the GPUs that NGS manages. Fig. 9 shows the CPU and
memory consumption of the NGS server as we increase the number
of GPUs managed. The analysis shows 150 s of execution with the
default monitoring period (10 s). In this experiment, every 30 s the
number of GPUs in the system increases by 256 units. Thus, during the
interval [0,30) s, the number of GPUs will be 0. In the interval [30,60),
it will be 256. In the interval [60,90), 512 and so on until reaching
1024 GPUs. Results show that without GPUs the CPU consumption is
approximately 3% of a CPU core. Regarding memory, the usage is close
to 4300 KiB. With each batch of 256 GPUs, the CPU usage increases by
approximately 2% of a CPU core and the size of the resident memory
by approximately 2300 KiB. At the end of the test, with 1024 GPUs,
the CPU usage is 11% of a CPU core and the memory used is 13 500
KiB. Note also that every time we add a batch of 256 GPUs, there is a
2% consumption spike in CPU usage that lasts between 1 and 2 s.

In Fig. 10 we also show the resources required for the operation of
NGS. In this case we show how the variation in the period with which
the GPUs are monitored affects the percentage of CPU usage.10 As we
an see, CPU consumption increases if the monitoring period is reduced
nd vice versa. This was expected, since by reducing the monitoring
eriod we increase the computations because we have to update the
tate of the GPUs more times in the same interval. Regarding memory
onsumption, we found that it is independent of the monitoring period.
hus, variations in the monitoring period do not alter the memory
onsumed by NGS.

Finally, we also have to consider the resource consumption of the
PU monitoring in the nodes where GPUs are physically located. In

hese nodes there is one NGS monitor process for each physical GPU.
he CPU resources required for this process are negligible (about 1% of
CPU core at each monitoring point. I.e. using the default monitoring
eriod, we have a 1% consumption spike every 10 s). The memory
onsumption of this process is about 7000 KiB.

.3.2. Resource consumption to serve generic requests
During the operation of NGS, the server must serve requests coming

rom the different NGS clients, which are running in the computing
odes of the cluster. In this section we evaluate the resource consump-
ion of NGS when serving batches of generic requests.11 To that end, we
aunch concurrent batches of requests for 15 s and measure the memory
nd CPU used.

In Fig. 11 we can observe the memory consumption of NGS when
erving different number of concurrent generic requests. This Figure
hows the results for 256, 512 and 1024 GPUs. In Fig. 11(a) we can
ee the average memory consumption, while Fig. 11(b) shows the
aximum memory used. As we can observe, the memory consumed

ncreases (i) with the number of concurrent requests, and also (ii)
ith the number of GPUs. In the worst case, serving 1024 concurrent

equests with 1024 GPUs, NGS presents a maximum memory consump-
ion around 160 MiB. In our test bench, the node running the NGS
erver is equipped with 128 GiB of memory. This represents a memory
onsumption of only 0.12%.

Fig. 12 shows the percentage of CPU usage of NGS when serving
ifferent amounts of concurrent generic requests. Again, the figure
hows the results for configurations of 256, 512 and 1024 GPUs.
he average CPU consumption is shown in Fig. 12(a), whereas the
aximum CPU consumption is shown in Fig. 12(b). The maximum CPU

onsumption follows the same pattern as the memory consumption in

10 Note that in Fig. 10 the average CPU consumption is shown. We measure
each of the configurations for 30 s and then calculate the average over those
30 s.

11 The resource consumption experienced when performing a generic request
on the client side is negligible. Note that the request on the client consists only
of creating a TCP connection to the NGS server and transmitting a few bytes

to request and release resources.
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Fig. 9. CPU and memory usage of the NGS server as the number of GPUs managed by the system increases. Every 30 s, a batch of 256 GPUs is added to the system.
Fig. 10. Average CPU utilization in NGS server with different number of GPUs and
ifferent monitoring periods. Notice that the percentage is related to the capacity of a
ingle CPU core.

Fig. 11. Memory consumed by NGS when serving batches of generic requests with
ifferent number of GPUs and default monitoring period (i.e. 10 s).

Fig. 12. Percentage of CPU consumed by NGS when serving batches of generic requests
with different number of GPUs and default monitoring period (i.e. 10 s).

Fig. 11(b). Thus, the CPU consumption increases with the number of
concurrent requests and also with the number of GPUs. However, this
is not entirely true for average CPU consumption. With 256 GPUs, the
average CPU consumption is constant regardless of the request batch
size. With 512 and 1024 GPUs, the average CPU consumption increases
with the number of concurrent requests. But unexpectedly, the highest
average CPU consumption is obtained with 512 GPUs and not with
1024 GPUs.

There are probably several reasons working together for this anoma-
lous behavior. One of them might be that, as this only happens with
10
average values (Fig. 12(a)), one of the reasons for this anomalous
behavior is probably related to the fact that increasing the number
of GPUs results in increasing the ‘‘Resource Search’’ phase seen in
Figs. 4(b) and 5(b). This phase, being inside a critical section of the
code, will force the sequential execution, consequently the average CPU
consumption will be reduced.

Regardless of the reasons for the anomalous behavior, in the worst
case, serving 1024 concurrent requests with 1024 GPUs, NGS presents
a maximum CPU consumption of up to 700%.12 In our test bench, the
node running the NGS server is equipped with 16-cores (32 execution
threads). This represents a maximum CPU consumption of up to 22% of
the overall CPU resources. Notice also that this CPU consumption lasts
for a very short period of time (while scheduling is in progress).

As a summary of the results in this section, having analyzed both
NGS operation consumption with no requests and also consumption
under intense batches of generic requests, we can establish that NGS in
our system has a low memory consumption at all times. It also presents
a low CPU consumption in the general case (NGS operation with no
request), and a consumption between 3% and 8% with peaks up to 20%
in punctual moments of high workload (Fig. 7 shows the duration of the
request batches).

5.4. Comparison with Slurm

In this section we compare the overhead introduced by NGS at run
time with the overhead introduced by a widely used job scheduler such
as Slurm. It is important to remark that NGS and Slurm have different
purposes and also work in a different way, although from a simplistic
point of view both them carry out a scheduling task. On the one hand,
Slurm is a job scheduler (this includes GPU jobs) that looks for the
best fit according to the job requirements and, once found, forwards
the job to the selected node. The computing resources in that node
(CPU and GPU) are leveraged to complete job execution. Once finished,
the results will be brought back to the node from which the request
for Slurm was initially carried out. On the other hand, NGS does not
move jobs to selected nodes by the scheduling process. Actually, the
scheduling stage does not selects nodes but portions of GPU computing
resources. In this regard, a requester (job, container, virtual machine,
etc.) places a demand for some GPU resources of the cluster and then
NGS looks for the best fit of those GPU resources. Once found, NGS
assigns that portion of resources to the requester, which is granted
access by NGS from the requesting node. That is, the requester remotely
accesses the GPU resources from the node where the requester was in
execution when it placed the demand. Thus, the job is executed on the
node without GPU using a remote GPU installed in other node of the
cluster. When the job finishes, the access to the remote is released.
Anyway, despite Slurm and NGS have different purposes, we believe
that comparing their overheads is a good way to put the results of
previous sections into context.

12 Note that the value 100% is equivalent to the use of one logical CPU
(i.e. execution thread) in the system. The use of more CPUs is expressed with
values higher than 100%. In our test bench, the node running the NGS server
is equipped with 16-cores (32 execution threads). Thus, the maximum CPU
consumption is 3200%.
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Fig. 13. Comparison of the runtime overhead introduced by NGS and Slurm when
serving multiple concurrent requests with 1024 GPUs.

The Slurm setup in our test bench is similar to that of NGS. The
main Slurm daemon runs on the same node where the NGS server runs.
We use the same four nodes with GPUs and launch jobs from the four
additional nodes without GPUs. The jobs submitted to the Slurm queues
are empty jobs that require one GPU. Notice that we are only interested
in measuring the overhead of scheduling a GPU job with Slurm and the
overhead of serving a GPU request with NGS. In this regard, we are not
interested on the time required to execute a batch of jobs. This is why
we use empty jobs in our test.

Similarly to what we did with NGS in previous sections, we have
submitted batches of concurrent GPU jobs to a Slurm setup with 1024
GPUs. These GPU jobs are submitted from the nodes where there are
no GPUs. Fig. 13 compares these results with those from NGS (using
default monitoring period).

As we can observe in Fig. 13, the overhead introduced by NGS and
Slurm are of the same order of magnitude. However, the overhead
introduced by NGS is noticeably lower (especially for smaller batch
sizes). Fig. 13 also shows the improvement (i.e. speed-up) of NGS over
Slurm. We can see that it ranges from up to 4x for smaller batch sizes, to
1.5x for larger ones. In general, as the batch size increases, the speed-up
of NGS over Slurm reduces.

5.5. NGS in action: An example

To conclude the analysis of our proposal, we have conducted a
final experiment. The objective of this experiment is to assess the
performance of NGS in terms of throughput, execution time, GPU
utilization, and energy consumption. To achieve that, we compare NGS
with a conventional configuration that makes use of the NVIDIA MIG
technology.

5.5.1. Testbed for the experiment
The testbed for the experiment deploys virtual machines (VMs) on

a set of servers to execute GPU jobs in all the VMs for one hour. The
hardware configuration for this experiment involves the four servers
equipped with A100 GPUs described in Section 5.1. Each of these
servers will host three VMs, as shown in Fig. 14.

The GPU jobs used in the experiment will consist of synthetic tests
based on a modified version of the CUDA SDK sample MonteCarloMulti-
GPU [34]. These GPU jobs aim to mimic different behavioral patterns
found in real GPU applications. To ensure diversity, we have modified
the MonteCarloMultiGPU sample with varying execution times: short
(approximately 10 s), medium (50 s), and large (100 s). We have also
included the possibility of having different computational intensities,
with average GPU utilizations of 10%, 40%, and 80%. Also, GPU
memory occupancy can be 2 GiB, 4 GiB or 8 GiB. Finally, the inter-
arrival time of jobs for each virtual machine varies randomly from 0 to
10 s.

The configuration for the experiment is depicted in Fig. 14. VMs on
server 0 exclusively run jobs with an average GPU utilization of 80%.
11
Fig. 14. Configuration of the testbed used for carrying out the performance comparison
of NGS and NVIDIA MIG. VM refers to virtual machine, while the percentages indicate
the computational intensity of the load in the GPU.

Fig. 15. Number of completed jobs and energy consumption per job with NVIDIA MIG
and NGS configurations.

On servers 2 and 3, jobs are executed with GPU utilization of 40% and
10%, as shown in Fig. 14. Finally, on server 3, all VMs handle jobs with
low GPU computational demands (i.e. 10%). The remaining parameters
for the GPU jobs (execution time, memory occupancy and inter-arrival
time) are randomly set for each execution.

As previously mentioned, in this experiment we conduct a per-
formance comparison of NGS and NVIDIA MIG. The NVIDIA MIG
configuration is based on the division of each physical GPU into three
equal virtual MIG instances of type 2g.10gb. Each of these virtual
instances features 10 GiB of memory, which is enough to host the
jobs run in the experiments. Furthermore, as the physical GPU is split
into three virtual instances, each instance have a computational power
equivalent to 28.6% of the original physical GPU.13

NGS is configured in blocking mode, employing the PERF (passive)
and BF14 (active) scheduling policies. NGS usage associated with appli-
cations is facilitated through a launcher, as explained in the second use
case of Section 4.5. It is important to remark that when NGS is used in
this experiment, VMs have access to any of the four GPUs thanks to the
use of rCUDA.

As a summary of our experiment, we run the aforementioned MIG
configuration for one hour and measure, among other results, how
many jobs have been completed during that time period. In a similar
way, we gather performance results for the one-hour execution with
NGS PERF and also for the one-hour execution with NGS-BF.

13 The ideal case would have been generating three virtual instances with a
computational capacity equal to 1/3 of the physical GPU. Unfortunately, MIG
is quite rigid in this aspect and the closest possible combination to the ideal
case is the one we have selected (i.e. 2g.10gb).

14 The time period for evaluating the average GPU utilization in the BF
active policy has been set to 10 s.
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Fig. 16. Energy consumption and GPU utilization for NVIDIA MIG and NGS. Note that
or MIG it is not possible to collect GPU utilization data.

Fig. 17. Box–whisker plot showing the distribution of job execution time for NVIDIA
IG and NGS. Note that this plot only considers medium jobs.

.5.2. Performance results
The first performance result to consider in our experiment is the

hroughput of the whole system, in terms of completed jobs during
he one-hour period of the experiment. The amount of completed jobs
s shown in Fig. 15 broken down into short, medium and large jobs.
esults are shown for the different configurations considered (MIG,
GS PERF and NGS BF). Average energy per job is also shown in the

igure. As it can be seen, the figure clearly shows that the configurations
sing NGS provide a much higher number of completed jobs than MIG.
hus, the throughput of NGS PERF and BF is 18% and 30% higher than
hat of MIG, respectively. Furthermore, it can also be observed that the
verage energy per job slightly decreases as performance increases.

Fig. 16 shows the energy consumption and GPU utilization for each
f the four GPUs in the experiment. In the case of using MIG, it can
e seen that GPU 0 consumes more energy due to its higher workload.
n the contrary, GPU 3 presents the lowest energy consumption, as
xpected. Therefore, when using MIG the load is not well balanced
etween the four GPUs. Interestingly, when using NGS all the GPUs
resent a more balanced power consumption. This is particularly no-
iceable when the BF active scheduling policy is used. Similar results
re achieved for GPU utilization. Notice that, in this case, GPU uti-
ization results for the MIG case cannot be gathered because of the
imitations imposed by NVIDIA.

Finally, Fig. 17 shows a box–whisker plot with job execution times.
n the plot, the ‘‘X’’ symbol refers to the average execution time. It
an be seen that the MIG configuration provides always the same
erformance. Actually, these are the expected results because MIG splits
he physical GPU into three independent partitions. On the contrary,
hen NGS is used, average execution time is lower than with MIG
lthough the variability among jobs is much larger. This is expected
ecause, with NGS, GPUs are not split into independent partitions
ut all the jobs being executed in a given GPU compete for the GPU
omputing resources. It is interesting to remark that the BF active policy
12

rovides lower execution time variability than the PERF passive policy. t
6. Conclusions and future work

In this paper we have presented NGS (Network GPGPU System),
a general-purpose solution to address the underutilization of GPUs in
computing centers. NGS offers GPGPU services through the intercon-
nection network. It enables different nodes of the cluster to access
remote GPUs as if they were local. In addition, interconnected nodes
can concurrently share these GPUs without collisions. The main novelty
of our proposal, compared to other works, is that it offers a global
and standard solution independent of the computing environment used.
It can be applied in all types of environments: HPC clusters, virtual
machines, containers, Cloud Computing, AI scenarios, IoT devices, etc.

After thoroughly describing the architecture of NGS, we have done
an extensive performance evaluation. In addition to measure NGS
performance, we have also compared NGS to other approaches in order
to put the results into context. Experimental results show up to 4x
improvements compared to popular approaches.

Finally, we detail next some potential future work lines that are
interesting from our point of view:

• NGS active policies. NGS monitors GPU utilization at runtime.
This enables the design of active scheduling policies for GPU jobs,
which are not usually provided by a job scheduler. Implementing
and evaluating these policies is another future research line that
we would like to explore.

• Support for other GPU manufacturers. Currently, NGS supports
NVIDIA GPUs. A future work will consider extending this support
to other GPU manufacturers such as AMD or Intel.

• NGS request semantics. Requests can be enhanced by including
additional parameters such as user priority and request priority
for a given user. This could also consider job preemption. Thus,
lower priority jobs would be preempted to allow higher priority
ones to immediately obtain the resources required [35].

• Job schedulers. NGS offers a lot of flexibility. A future research
line includes integrating NGS with popular job schedulers to
further show its benefits.

• Real applications. In this paper we have used synthetic tests. As
future work we plan to perform experiments with real applica-
tions.

• Security. In this work we have discussed a potential trust model
for NGS. In the future we plan to actually implement it and
evaluate its influence in performance.
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