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Abstract—HPC users have traditionally viewed renting cloud
resources as being more expensive than owning on-premises
resources. However, changing economics and relaxed data
sovereignty laws are prompting them to explore cloud bursting.
While many solutions exist for moving data to the cloud,
repatriating results cost-effectively and promptly has received less
attention. HPC applications generate large output data, which
can lead to inefficient use of expensive cloud instances during I/O
operations. This issue is exacerbated when using Spot instances in
two ways: checkpoints are required to safeguard against excessive
recomputation if the instance is terminated prematurely, and
all pending outputs must be securely transferred within the
eviction notice window. This paper presents Sync Engine, a
user-space, file-specific, storage-agnostic data mirroring solution
loaded at job submission time that does not require modifying the
application. Sync Engine synchronizes outputs to on-premises
storage using two mechanisms: primarily (i) LibSync, a novel
middleware that transparently mirrors POSIX writes to a sec-
ondary target asynchronously, overlapping I/O with computation,
and (ii) Rsync, a widely used UNIX file synchronization tool
that employs a delta-transfer algorithm to minimize network
traffic, being used if LibSync is unable to complete its operations
within the eviction window. LibSync also supports policy-driven
synchronization, bounded close behavior for Spot resilience, and
optional streaming compression. Evaluations with production-
scale reservoir simulations demonstrate that LibSync with com-
pression persists 21 GB of data to on-premises storage (5,000
miles away, from AWS US to Brazil) with only a 3% time
overhead, relative to an optimal baseline. In relation to the
current solution in use, it is 10% faster, 10% cheaper, and reliably
writes the final checkpoint within AWS’s 2-minute spot eviction
window.

Index Terms—Storage systems, Data synchronization, Spot
instances, Large-scale simulations, High-performance computing

I. Introduction

The cloud computing market continues to grow, characterized
by a compound annual growth rate (CAGR) of 20% [1].
The revenue and global reach of cloud providers, such as
Amazon Web Services [2], Microsoft Azure [3], and Google
Cloud Platform [4], give them greater negotiating power when
purchasing hardware and infrastructure components, which, in
turn, allows them to offer compute resources at aggressively
low hourly rates. The pay-for-what-you-use cost models being
offered appear well-suited to users with sporadic or light-to-
medium computational demands. Intense compute users, such

as the HPC community, however, have been more reluctant
to migrate entirely to the cloud for several reasons. First,
the need for cloud providers (CPs) to address different user
demands simultaneously can mean that a given configuration
is not highly optimized for one particular user. Second, even
their cheaper long-term lease contracts are considered expen-
sive compared with operating on-premises compute facilities.
Third, an unwillingness to depend on the services of a single
cloud provider (i.e., vendor lock-in) and instead have to harness
different providers by adopting CP-agnostic solutions. Finally,
while each vendor offers multiple regional data centers for
resilience, the resource types, their respective availabilities and
costs, all vary from region to region, adding scheduling com-
plexity and the need to address data transfers effectively [5] [6].

Cloud providers offer significant hourly rate discounts on
unused compute capacity through Spot instances. While this
can be an enticing opportunity, long-running, stateful applica-
tions need to be resilient to interruptions with little warning.
To safely deploy complex HPC simulations in these volatile
environments, modern solutions must incorporate highly adap-
tive runtime mechanisms to guarantee continuous application
progress without losing intermediate operational states, includ-
ing automated Spot fleet scheduling across multi-region do-
mains, predictive node eviction forecasting, and checkpointing
frameworks [7], [8], [9], [10].

Some companies prefer to store their data and applications
in-house due to greater control and flexibility, data sovereignty,
improved security, licensing issues, reduced downtime, and
potential cost savings [11]. Therefore, implementing cloud
bursting [12] with on-premises storage poses a challenge to
data locality optimization [13].

This study focuses on an HPC production use case that
leverages a commercial oil reservoir simulator from Computer
Modeling Group Ltd. (CMG) [14]. In this field, as simulation
models grow in size and complexity, computational demands
of simulations become unpredictable, long-running, and write-
intensive, producing large output and checkpoint files that
must be persistently stored on-premises to meet company and
government data sovereignty policies [15]. CMG has its own
vertical solution for cloud-based simulations, called CMG
Cloud [16], but it focuses on ease of use through managed
executions. Both versions assume that data is written locally
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to the location where the computation takes place and do
not directly address latency and on-premises data persistence
concerns, nor the time-sensitive I/O constraints that arise when
using transient resources, such as Cloud Spot instances.

This paper presents Sync Engine, a storage-agnostic tool
that decouples the simulator’s hot-write path from remote on-
premises storage. Instead of writing directly to on-premises
storage, the output and checkpoint files are redirected to
a local cloud storage service and simultaneously mirrored
on-premises, with the mirroring being overlapped with the
application’s computation, all without any application-side
changes and transparent to the user. A critical issue is not
only the I/O slowdown, but also the cost of remote flush and
close operations, particularly when an application is about
to be preempted (from a Spot instance). Another concern
is restoring execution without rolling back and recomputing
a significant portion of the application, which depends on
recording a consistent checkpoint on-premises within the short
eviction notification window, typically 2 minutes [17].

Considering the best configurations for each on-premises
persistence approach, a set of experiments shows the benefits
of Sync Engine and highlights that the proposed middleware
LibSync with compression (LibSync-C) incurs only 3% more
time to make data available on-premises in addition to in the
cloud. It also reduces the monetary cost by at least 6 to 10%
compared to the current version and provides resilience to Spot
evictions by persisting a single final checkpoint.

We present and evaluate various write-back approaches for
returning data to on-premises storage while running oil reser-
voir simulation jobs on production-sized geological models
using AWS EC2 Spot instances. The main contributions are
summarized as follows:
• A characterization of the I/O bottlenecks that arise when

cloud-bursting write-intensive reservoir simulations and
their outputs have to be saved to on-premises storage, includ-
ing the sensitivity of close/flush behavior under preemption.

• Sync Engine, a tool for efficient, resilient data transfer
between cloud environments and on-premises storage sys-
tems that mirrors outputs to on-premises storage using two
mechanisms:
– I-Rsync, a periodic mirroring of the output files during

the simulation job using rsync.
– LibSync, a new middleware that provides a design that

overlaps I/O and computation.
The remainder of this paper is organized as follows. Sec-

tion II introduces the problem statement and presents the
challenges being pursued here. Section III introduces the
Sync Engine design, discussing in Subsection III-A a tool
commonly used for a similar problem based on rsync,
while Subsection III-B presents the design of the proposed
mechanism LibSync. Section IV discusses the experimental
evaluation considering the persistence approaches specified in
Subsection IV-B. Section V reviews related work and estab-
lishes connections to our work. Finally, Section VI presents
the main conclusions and outlines future work.
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Fig. 1: Current use of HPC in the cloud.

II. Problem Statement

Figure 1 depicts a typical cloud-bursting workflow with its data
persistence requirements, where jobs originally submitted to an
on-premises HPC environment are executed in a public cloud.
In our use case scenario, step-➀ illustrates the user submitting
a simulation job to the local scheduler, in this case, Slurm [18],
running on the front-end node of the on-premises HPC cluster.
Instead of allocating the job to a cluster node, it can opt to
provision a cloud virtual machine (VM) instance in a chosen
cloud region at step-➁. The reservoir simulator then runs on
the allocated (Spot or On-Demand) VM, reading input data and
writing simulation output files back to the shared on-premises
NFS file storage system during step-➂.

Operational constraints drive this design choice, since sim-
ulation artifacts must be persistently stored on-premises to
meet data sovereignty requirements and to preserve conti-
nuity with existing reservoir engineering workflows (post-
processing, history matching, and team-shared data access),
which are centered on the on-premises storage namespace.

Although cloud bursting extends compute capacity beyond
the on-premises cluster, data persistence policies couple cloud
execution to on-premises storage. This coupling can become
a dominant performance bottleneck, especially for regions
with high RTT latencies relative to the on-premises location.
While US regions are often attractive because of the earlier
availability of newer instance types, lower pricing, and higher
available resource capacities, these benefits can be negated by
long data transfers that increase the effective runtime of jobs,
in some cases making public cloud use impractical due to
higher than expected monetary costs.

One way to keep cloud costs down is to leverage heavily
discounted Spot VM instances, though they carry the risk of
being interrupted. While cloud providers (CPs) will give prior
warning of an impending VM eviction, gracefully terminating
the application and returning all output files to on-premises
storage within the notice period can be challenging, especially
if last-minute checkpoints are used to save the application’s
current state and allow it to continue execution on another
VM in the future without having to recompute previous
states. Given the uncertainty surrounding the frequency of



such evictions, checkpoints may need to be created frequently,
increasing the application’s runtime and storage requirements.
Furthermore, reservoir simulations typically use geological
models with large state spaces, resulting in checkpoints in the
gigabyte range that may be difficult to save within the CP’s
eviction notification period.

Cloud providers (AWS, Google Cloud, and soon Azure)
offer a Spot eviction notification period of up to 2 minutes. To
maximize the utilization of the Spot VM, it would therefore be
advantageous to use this interval to interrupt and checkpoint
the application only at this moment, rather than incur repeated
delays from writing checkpoint files at regular intervals during
the application’s execution. While such an approach can lead
to shorter execution times and lower monetary costs, it is not
trivial and requires solving three challenges:

1. Compute–Storage coupling. Persisting outputs to a re-
mote on-premises file system couples cloud execution
to network and storage latency, turning write-intensive
phases into additional wall-clock overheads.

2. Guarantee successful checkpoint completion within
the eviction notification period. Depending on a single
last-minute checkpoint is severely risky, given that the
time to persist it to on-premises storage may exceed the
notification period, wasting computation and forcing the
application to be restarted from an earlier checkpoint, or
worse, the beginning.

3. Transparent implementation. Solving the previous chal-
lenges without any changes to the application.

III. The Sync Engine Design

This work proposes the Sync Engine framework to support
cloud-bursting workflows that require on-premises storage of
outputs. Sync Engine is designed to transparently overlap
computation with high-latency remote writes, without any
application modifications, regardless of the storage vendor, and
to be resilient to Spot instance evictions, facilitating data syn-
chronization between the cloud and on-premises environments.

With the Sync Engine framework, the user’s (reservoir
simulator) job continues to be submitted to the local job
scheduler (➀), which then instantiates a cloud instance (➁)
where the job executes, with inputs read from the on-premises
namespace as shown earlier in Figure 1. Write operations,
however, are redirected to a cloud-local storage target to
reduce the overhead of compute-storage coupling. In parallel,
Sync Engine propagates selected output files back to the
on-premises environment in the background, through one of
two unidirectional data synchronization approaches. The first
leverages rsync [19], [20], a well-established UNIX file
transfer utility. The second employs a novel middleware layer
that asynchronously forwards specified file writes to a sec-
ondary storage location (in our case, on-premises storage via
NFS), while the primary output path now points to cloud-local
storage. Both approaches use delta-transfer-based strategies,
one temporal and the other spatial, to make better use of
network bandwidth.

To characterize the operational differences between the two
approaches, we partition the write activity of a job’s execution
into three phases:
Progress phase: The application (i.e., simulation job) is
actively executing and periodically updating its output files
on cloud-local storage, while Sync Engine asynchronously
replicates these files to on-premises storage in the background.
Close phase: This phase refers to the period from the end of
normal execution (or a graceful shutdown) until all pending
writes are flushed and output files are closed. On Spot VMs,
this may include persisting a checkpoint file. When an eviction
notice is received, this phase is time-constrained: failure to
persist the necessary data on-premises before the instance is
reclaimed may prevent the job from resuming on a replacement
instance. The required write throughput during this phase can
be substantially higher than during the Progress phase.
Post-execution phase: A final verification pass ensures that
all required output files have been correctly and completely
mirrored on-premises. This step is necessary because ex-
pensive HPC or transient Spot cloud instances may be ter-
minated before all write operations to remote storage have
been acknowledged, leaving the on-premises file system in a
potentially inconsistent state.

A. Remote synchronization with rsync

System administrators often need to synchronize or back
up files and directories between local and remote locations
without transferring entire files each time. rsync is a highly
effective tool for this purpose since it uses a delta synchroniza-
tion scheme to transfer only the modified portions of a file. To
achieve this, rsync divides the two files being synchronized
into corresponding pairs of chunks, computes and compares
their respective checksums, and transfers only the chunks
whose checksums differ. To further optimize this process,
rsync pipelines the operations of reading files, calculating
checksums, and transmitting distinct chunks to minimize the
time resources, such as CPU, disk bandwidth, and network
capacity, are idle. This approach has recently received renewed
attention for improvements [21], particularly given its adoption
for large-scale synchronization across multiple regions, similar
to file transfers between cloud and on-premises infrastructures.
rsync supports two mechanisms for establishing a connec-

tion to a remote host: through a remote shell (e.g., SSH, RSH),
or via a direct TCP connection to an rsync daemon. While
SSH provides a secure, encrypted channel, it also introduces
computational overhead from cryptographic operations. On the
other hand, using the rsync daemon mode requires launching a
daemon process on the cloud instance that listens for incoming
rsync requests on a designated port, potentially exposing
sensitive data if not properly secured. Thus, when using
daemon mode, it may be necessary to protect the connection
through a VPN. Both rsync mechanisms were evaluated
in this study. Furthermore, the following rsync options are
enabled: archive mode, which preserves permissions, times-
tamps, symbolic links, and device files; and compression
during data transfer to save bandwidth when necessary.
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Fig. 2: Sync Engine operation with I-Rsync.

When configured to use the rsync-based approach, Sync
Engine employs two rsync instances at distinct points in the
job lifecycle. As illustrated in Figure 2, when the job scheduler
opts to create a Cloud VM (➁), Sync Engine configures the
chosen approach to be initialized with the application on the
VM. When the application begins, it enters the Progress phase
(➂), where it is configured to write or update its files directly
to a cloud storage that is accessible after the VM is shut down.
Concurrently with the application, Sync Engine periodically
runs rsync on these output files, synchronizing their current
states with on-premises storage in the directories specified
in the original job submission. In this approach, named I-
Rsync, rsync is executed over a TCP or SSH connection
at runtime-configurable time intervals of Irsync, ensuring that
each invocation completes before the next is triggered.

When the application completes, i.e., reaches the Close
phase, and all output files have been closed on the local cloud
storage, the VM will be shut down. If the application has not
been completed and an eviction notice is received, a check-
point is recorded during the Close phase. Once the application
and the VM have been terminated, in the Post-execution phase
(➃), a final rsync synchronization is performed on a new,
but smaller VM, to ensure file persistence between the on-
premises and local cloud storage.

B. LibSync design
LibSync is a middleware that, similar to I-Rsync, trans-

parently mirrors file writes to secondary storage locations
asynchronously during the Progress phase, overlapping these
operations with application computation. As shown in Fig-
ure 3, the key distinction from I-Rsync (➂) is that LibSync
is loaded through LD_PRELOAD at VM startup, enabling it
to intercept POSIX I/O calls issued by the application and
manage both write paths simultaneously (cloud-local storage
and on-premises storage) without any application modification.
LibSync supports a wide range of synchronization policies
for the remote mirroring path, allowing the user to config-
ure which files to synchronize, the size of each buffer, the
number of buffers (i.e., the size of the circular ring buffer),
and the frequency of fdatasync operations. It additionally
supports on-the-fly flush buffer compression and a Close phase
workflow strategy that aims to minimize file synchronization

NFS
 OnPrem

3

Read Write

Cloud
Storage

On-Premises

21 Sync
Engine

5

Large Spot or On-Demand VM

SIMULATOR

LibSync

Small Spot VM

rsync

Cloud Region

4

Fig. 3: Sync Engine operation with LibSync.

latency during this time-sensitive phase, thereby increasing
resilience to Spot instance evictions. Figure 4 summarizes the
end-to-end LibSync workflow.

In Figures 4 and 5, the color scheme is as follows: blue
denotes storage components; green denotes read data paths
(in Fig. 4) and successful states (in Fig. 5); orange represents
LibSync policy-controlled I/O behavior; gray denotes internal
LibSync mechanisms; the red arrows in Fig. 4 represent writes
data paths to cloud-local and on-premises storage, and; the red
box in Fig. 5 indicates the safety fallback mechanism. In both
figures, boxes with dashed lines indicate optional features or
triggers that may or may not occur. The full set of LibSync
environment variables is described in Table I.

TABLE I: LibSync environment variables.

Variable Description

SYNC_TARGET_PATH Mirror base directory (string)
SYNC_FILES Extensions of files to be mirrored (comma-separated)
BUFFER_SIZE Per-buffer capacity (int in bytes)
BUFFER_NUM # of buffers per file - size of ring buffer (int)
BUFFER_NUM_SYNC Sync every N buffer flushes during writes (int)
SYNC_CLOSE Sync once at file close (set 1 to enable)
SYNC_COMPRESS_FILE Extensions of files to compress (comma-separated)
DEBUG_SYNC Verbose diagnostics to stderr (set 1 to enable)

File interception and I/O transparency. LibSync intercepts
write() and close() POSIX calls selectively, targeting
only output files whose extensions are listed in SYNC_FILES.
The SLURM job and its parameters remain unchanged. Lib-
Sync transparently reshapes the I/O stack at the middleware
layer, redefining how output files are persisted without requir-
ing modifications to the application or to storage appliances.
Asynchronous mirroring. To decouple cloud-local execution
from on-premises persistence costs, during the Progress phase,
LibSync replicates intercepted writes to a configurable on-
premises target path (SYNC_TARGET_PATH) via a ring buffer
and a dedicated per-file worker thread. The main thread
first persists data to cloud-local storage and deposits write
payloads into per-file ring buffers. The worker thread then
asynchronously flushes the filled buffers to the target path.
This design avoids blocking the critical foreground I/O path
by absorbing output bursts in memory and asynchronously
offloading data persistence to a worker thread, preventing high-
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latency remote writes from stalling the application’s critical
I/O path.
Data flushing and durability. For long-running applica-
tions like simulations, LibSync can enforce periodic dura-
bility (asynchronous safety) during normal execution by set-
ting BUFFER_NUM_SYNC to N . In this mode, LibSync
calls the synchronization function fdatasync every N
flushed buffers during write operations, only flushing data
and the metadata needed to reconstruct it, thus speed-
ing up the synchronization operation. The specification of
BUFFER_NUM_SYNC offers the possibility to set the synchro-
nization event frequency during the steady-state write phase,
which can be decoupled from the write calls/operations.

Unlike the NFS protocol, which by default implements
Close-to-Open (CTO) [22] consistency semantics that require
flushing data to the server when closing a file, modern
local file systems, such as ext4 [23] and XFS [24], use the
Linux kernel Page Cache [25] to delay writes. Similarly,
parallel file systems like Lustre use an extensive distributed
locking model to keep modified data in local client caches
throughout the lock life-cycle, avoiding the mandatory syn-
chronous synchronization when closing file descriptors [26].
In this context, the SYNC_CLOSE feature was introduced.
When enabled, LibSync synchronizes the mirrored file before
closing it via fdatasync, even if the value of N defined in
BUFFER_NUM_SYNC has not been reached. This allows users
to force synchronization of a mirrored file on close, regardless
of the file system.
Close phase under eviction. When a Spot VM receives an
eviction notice, all pending write operations of the Close
phase must complete within the eviction window. Simulation
workloads often produce large checkpoint files, making latency
minimization in this phase critical. Figure 5 depicts the Lib-
Sync Close phase workflow, designed to flush all remaining
buffered data to the on-premises storage. Upon intercepting a
close() syscall, LibSync marks the current partial buffer
as full and signals the worker thread. However, the worker
thread must wait for CTO completion, which may exceed the
remaining time of the eviction notification window, especially
over high-latency connections.
Streaming compression. To reduce the bottleneck caused
by CTO, particularly when a large checkpoint file is trans-
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Fig. 5: Close and Post-execution phase workflow.

ferred over a high-latency connection during a Spot evic-
tion, LibSync provides a streaming compression feature that
reduces the amount of data transmitted. LibSync employs
the Zstandard (ZSTD) compression algorithm [27], [28] that
provides high compression ratios at near-memory-bandwidth
speeds [29]. Its streaming compression API enables single-
pass compression with bounded memory usage, making it
suitable for integration into the worker flush path without
buffering the entire file.

While implementing a compression feature offers a promis-
ing approach, significant concerns arise when it is applied
to the checkpoint file generated by the reservoir simulator.
Since this file uses a strictly non-sequential binary format, the
metadata structure at the beginning of the file is updated after
the data blocks are written to higher offsets. A naive streaming
compressor cannot handle these backward writes without
full-file buffering. LibSync maintains a compression cursor
tracking the highest byte offset written. At flush time, each
segment is classified: forward segments (offset ≥ cursor )
are fed into the ZSTD streaming compressor and appended
to the mirror on-premises file (.zst); backward segments
(offset < cursor ) are written as raw patch records to a
lightweight sidecar file. In practice, backward writes account
for fewer than 0.01% of total bytes.
Post-execution phase. Step-➃ of Figure 3, represents the
LibSync Post-execution phase, where, after the simulation job
terminates, two verifications are performed: (i) if compression
was used, a standalone tool called libsync_reconstruct
recovers the original file by decompressing the stream file on
the on-premises storage and applies each patch recorded via
pwrite() at its offset. The reconstructed file is byte-for-byte
identical to the original; (ii) in the event of a Spot eviction, a
flag-file mechanism is used to check whether the simulation’s
output files were successfully closed on-premises. If the file
exists, the simulation finished as expected and no further action
is required; if not, like the I-Rsync approach, an additional
small VM is launched to run a rsync daemon to eliminate
any residual differences in the files written on-premises, as
shown in step-➄ of Figure 3 and detailed in Figure 5.

Sync Engine combines two complementary synchronization
mechanisms in its design. I-Rsync relies on a mature, file-level
synchronization mechanism that is independent of application



I/O semantics, while LibSync leverages LD PRELOAD to
overlap data persistence with computation without requiring
modifications to applications or storage systems. This dual
design avoids dependence on a single synchronization strategy
and broadens the framework’s applicable deployment scenar-
ios.

IV. Experimental Evaluation
In this section, the integration of Sync Engine with the
cloud-bursting workflow and the application of its two data-
persistence implementations (I-Rsync and LibSync) are eval-
uated to assess the benefits and limitations of each strategy,
in particular, in terms of temporal and financial impact.
Furthermore, given that intensive HPC users find On-demand
instances relatively expensive, Spot market instances offer a
strong financial incentive, as they can be obtained at as little
as 10% of the cost of their On-demand equivalents. However,
their transient availability can significantly affect the viability
of some data persistence implementations. We investigate
solutions to circumvent this situation that can benefit from
using Spot cloud resources. Finally, the implications for cloud-
bursting large reservoir models on Spot instances with on-
premises storage via NFS are discussed.

A. Experimental Setup
All simulation jobs executed in the experiments ran on an

AWS m7i.24xlarge instance, allocated in the us-east-1
region. This is a high-performance, general-purpose comput-
ing instance with 96 vCPUs, 384 GiB of RAM, and up to
50 Gbps of network bandwidth. Furthermore, Hyper-threading
was disabled, and only 48 physical cores were available. This
instance type and configuration were selected based on internal
benchmarking and workload profiling for reservoir simulation
models being studied. A c5.2xlarge instance was chosen
for persistence approaches that require the use of a small VM
during their Post-execution phase.

For these experiments, we simulated Spot instance eviction
using On-demand instances to ensure that the eviction notifi-
cations were always sent at the exact same moment. The NFS
client version 3, with rsize and wsize set to 256 MB, was
used to mount the on-premises namespace due to the backend
storage configuration. The network connection between the
cloud provider and the on-premises facilities uses AWS Direct
Connect [30].

Red Hat Enterprise Linux 8.10 was used, with kernel tun-
ings applied to the VM’s image to improve data transfer over a
high-latency NFS connection. Table II lists the parameters and
the values that were changed to improve TCP Auto-Tuning,
TCP send/receive, TCP Congestion Algorithm Control, VM
Dirty Page Cache, and RPC Slot Table.

B. Comparing Persistence Approaches
Five approaches were evaluated under identical workload

conditions and the same read path from on-premises storage:
• Baseline: The simulator writes only to cloud-local storage,

specifically to the Amazon Elastic File System (EFS). No

TABLE II: Linux Kernel Tuning Parameters.

Parameters Values

net.core.rmem_max 2147483647
net.core.wmem_max 2147483647
net.ipv4.tcp_rmem 4096 16777216 1073741824
net.ipv4.tcp_rmem 4096 16777216 1073741824
net.ipv4.tcp_congestion_control bbr
net.core.default_qdisc fq
vm.dirty_bytes 3221225472 (3 GB)
vm.dirty_background_bytes 536870912 (512 MB)
sunrpc.tcp_slot_table_entries 128

data is returned to on-premises storage during execution.
This configuration is not a viable production solution; it
serves solely to define a lower bound on write overhead.

• Current: The current production configuration, in which
each simulation job writes output directly to the on-premises
storage via NFS, without the use of cloud-local storage.

• Naive: A naive post-hoc copy strategy, transferring data to
the remote server with the command-line utility scp [31].
In this scenario, after a Baseline job completes, the user
creates another instance in the cloud to manually scp the
output data from the cloud storage back on-premises.

• I-Rsync: In the first Sync Engine approach, the simulation
job writes directly to EFS (cloud-local storage); indepen-
dently, rsync periodically synchronizes the output files in
their current state to on-premises storage.

• LibSync: In the second Sync Engine approach, the middle-
ware writes the job’s output to EFS while asynchronously
mirroring the same files to the designated on-premises
target, overlapping I/O with computation.

C. Experimental Methodology and Metrics
All experiments were run under the same job submission

configuration, typical of the production simulation jobs run
daily using the commercially licensed CMG software. In
addition to its widespread use in the Oil and Gas Industry,
we specifically selected the CMG reservoir simulator because
it exhibits the operational characteristics that motivated Sync
Engine’s design: intensive output generation, large checkpoint
files, strict on-premises persistence requirements, and time-
sensitivity to Spot evictions. The test job was a curtailed
version of a compositional reservoir simulation of a semi-
synthetic Pre-Salt model at 100 × 100 meter resolution, a
model representative of real-world models with their high
I/O intensity and large output files. The simulation jobs were
executed with 40 threads, reflecting production engineers’ ideal
configuration choice when submitting this particular reservoir
simulation model.

The primary metric assessed is the Data Availability Time
(DAT), defined as the total elapsed time since the actual
start of the simulation until the whole set of output files
is fully available on the on-premises storage (the exception
being the Baseline scenario, in which case, the DAT is simply
the simulation’s local execution time). To help interpret the
DAT values, the duration of the Close phase has also been
measured and corresponds to the elapsed time from the end



of the execution of the simulation job until the actual closing
of the files (including a checkpoint due to Spot revocation).

The evaluation was carried out under two scenarios: (i)
where simulation jobs configured for the different persistence
approaches (defined in IV-B) were submitted to the on-
premises job scheduler for execution on the chosen cloud
instance without the occurrence of evictions, and; (ii) where
a simulated Spot VM eviction notice is sent to the job to
initiate the simulation’s graceful termination, which includes
creating a checkpoint. In both cases, the information from
the job’s log file and the LibSync debug file (enabled with
DEBUG_SYNC=1) is used to determine the total execution
time. Resource usage in terms of CPU, RAM, and network
consumption is also reported.

The times presented for each approach are averages over
five executions. In the case of the I-Rsync and LibSync
approaches, their respective parameters were varied in order
to find the best configuration setup, as discussed below:
I-Rsync: For each of the two rsync execution modes: SSH
and Daemon, three values for the time interval (Irsync) were
chosen: 5, 10, and 15 minutes. Each combination was also ex-
ecuted with and without rsync’s built-in ZSTD compression
option, available since rsync version 3.2.0, and chosen for
its superior performance compared to the zlib algorithm [32].
LibSync: The three buffer sizes (BUFFER_SIZE in MB)
were used: 32, 256, and 1024 MiB to demonstrate the impact
of small, medium, and large buffers. Regarding the number of
buffers, which defines the ring buffer size, a 2% RAM limit
was set, so each configuration used approximately the same
amount of ring buffer space. Given the chosen VM has 384
GiB of memory, the corresponding BUFFER_NUM values for
each buffer were set to 246, 31, and 8, respectively.

In order to evaluate the impact of synchronization fre-
quency using fdatasync in relation to when a buffer
is flushed, three scenarios were considered by setting
BUFFER_NUM_SYNC to: 0 to keep this feature disabled and
allow the operating system to handle write-back operations,
when set to 1, fdatasync is run after each buffer flush,
and when set to 10, fdatasync is only run after the
buffer has been flushed 10 times. Because the path defined
by SYNC_TARGET_PATH uses an NFS file system, it was
not necessary to use SYNC_CLOSE during the tests due to
NFS CTO. Finally, all of the LibSync tests were executed
with compression, enabled only for checkpoint files by setting
SYNC_COMPRESS_FILE=rst, and without compression.

D. Results
This section first presents the results of a comparison

of the average Data Availability Times (DATs) for different
configurations of the two Sync Engine approaches, I-Rsync
and LibSync. This is followed by a comparison of different
persistence approaches to assess their relative performance and
the overhead of persisting data on-premises.

Table III presents the DATs for each of the two Sync En-
gine approaches, without (NC) and with compression (C). A
further nine alternative LibSync configurations derived from

TABLE III: Data Availability Times (DATs) (in seconds) for
different configurations of the two Sync Engine approaches.

No Compression (NC) With Compression (C)

LibSync BUFFER NUM SYNC
0 1 10 0 1 10

32 MB 3731.2 3712.0 3822.7 3297.6 3318.0 3283.0
256 MB 3776.0 3788.2 3755.6 3377.0 3329.8 3345.8
1024 MB 3806.6 3793.8 3762.6 3370.0 3373.2 3396.8

I-Rsync Irsync (min)
5 10 15 5 10 15

SSH 3680.4 3632.2 3597.2 3542.4 3578.2 3600.0
Daemon 3535.6 3517.8 3481.8 3527.8 3550.2 3545.6

combinations of buffer sizes and buffer synchronization rates,
and three I-Rsync intervals were evaluated. The difference
between the fastest and slowest configurations was relatively
small (between ∼70 and ∼120 s), in three of the respective
tests, but as much as ∼200 s for I-Rsync-NC. In general,
smaller buffers are better, and with compression, LibSync
was significantly faster than without. However, for I-Rsync-
C, compression did not provide any considerable benefit in
terms of DATs. In the Post-execution phase, most output
data is already synchronized, making chunk comparison the
dominant bottleneck. Furthermore, while there is a highly
compressed 12 GB HDF5 [33] file among the simulation’s
outputs, both rsync and LibSync can selectively choose
which file types in the workdir directory being synchronized
should be compressed, and avoid spending time for little gain.
The best configurations, highlighted in bold, were compared
with other persistence approaches in the following experiment.

Figure 6(a) illustrates the DATs broken down into the
respective durations of the simulation’s execution, as the sum
of the Progress phase and Close phase, in blue. The orange
portion of the bars is the duration of the Post-execution
phase, if necessary. Above each bar is how much slower each
approach was to execute the simulation and persist all output
data on-premises, as a percentage, in relation to the Baseline’s
cloud-only execution. Figure 6(b) presents the duration of just
the Close phase for each respective approach in relation to
AWS’s two-minute eviction notification window.

1) On-premises Data Availability Latency: The primary
metric, DAT, measures the total elapsed time required to fully
replicate the job’s output files to the on-premises NFS names-
pace. As shown in Figure 6(a), LibSync with compression
(denoted as LibSync-C) incurs the lowest overhead across
all approaches, being only +3.0% (96 s) above the Baseline’s
lower bound. This overhead is due to the memory copies
carried out by LibSync when buffering mirrored writes. The
next best results are produced by the I-Rsync approaches,
first with no compression (denoted as I-Rsync-NC) then
with compression (I-Rsync-C). While both I-Rsync solutions
can match the simulation execution times of the Baseline
approach, they both have Post-execution phases that incur
overheads of +9.3% (for NC) and +10.7% (with compres-
sion). The Current approach writes directly to the on-premises
NFS storage during the simulation’s execution, incurring an
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Fig. 6: (a) Shows the average Data Availability Time for each approach. Each bar portrays the Progress phase and Close phase
time (in blue) with the Post-execution phase (in orange). On top of each bar, the percentage increase relative to the Baseline
is shown. (b) Presents the average Close phase duration, where the dashed line marks the Spot eviction period.

additional +14.3% delay. The worst results were obtained by
the Naive approaches, reaching up to overheads of +35.3%
(Naive-C) and even +51.4% (Naive-NC) to transfer the en-
tire volume of output post-execution. Although compression
helps reduce data transfer times, these results indicate that
overlapping data mirroring with computation is essential to
avoid incurring additional cloud VM costs while synchronizing
outputs over a high-latency path.

2) Close phase duration and Spot-eviction resilience: In
addition to the write overhead, another crucial aspect is that
executing a job on a Spot instance imposes a hard deadline
upon receiving an eviction notice. To avoid losing the previous
computation, the application must write a consistent check-
point to persistent storage during its Close phase. It is therefore
beneficial that the duration of this phase be shorter than the
eviction notification period.

A comparison of the durations of the Close phases of the
different approaches is shown in Figure 6(b). All approaches,
except Current and LibSync-NC, completed their Close
phases within this eviction notification period, with I-RSync-
C achieving the best performance at 28 s. The approach with
the slowest time, yet still safely within the 120 s window, was
LibSync-C, with a time of 63 s. Conversely, both LibSync
with no-compression (LibSync-NC), in yellow, with a time of
145 s, and the Current approach, in red, with 150 s, exceed the
eviction notification period. While this prevents the latter from
reliably persisting large final checkpoints under an eviction
scenario, the Sync Engine is able to recuperate incomplete
on-premises output files, including the checkpoint, during its
Post-execution phase using the flag-file and rsync, as shown
in Figure 5. Although the I-Rsync variants exhibit short Close
phase times (28–30 s), it is important to note that the resulting
DATs are higher than that of LibSync-C (Figure 6(a)) since

they always create a new VM to run rsync in their Post-
execution phase.

Overall, the joint interpretation of Figures 6(a)–(b) is that
LibSync-C is the only approach in the comparison that si-
multaneously keeps DAT near the Baseline one and meets the
eviction notification period for the use case considered in this
work. Nevertheless, I-Rsync-NC should not be discarded.

3) Compression benefits: Compression is the key enabler
for Spot-safe final checkpoint persistence under high latency
with LibSync. With compression enabled only for checkpoint
files (.rst), the amount of data transferred during checkpoint
mirroring drops from 3 GB to ∼600 MB (an 80% reduc-
tion). As a result, all the executions under data compression
(LibSync-C) complete the Close phase within the desirable
period. This shift is operationally significant because it avoids
relying on frequent periodic checkpoints by enabling a single
final checkpoint to be created and persisted upon receipt of an
eviction signal. Although compression is an important option
for optimizing data transfer, its effectiveness naturally depends
on the characteristics of the output data. Datasets with high
entropy may benefit less from compression.

4) System resource usage: The performance evaluation of
each approach requires not only measuring the execution
time, but also understanding how system resources are used.
CPU, memory, and network usage can influence the choice of
approach, especially in shared or resource-constrained environ-
ments. To capture these aspects, a psutil-based [34] resource
usage collection script was employed to collect the CPU,
memory, and network usage of the VM during the execution of
the best performing approaches from the experiments shown
in Figure 6a.

Regarding CPU usage, each rsync call relies on a single
core during its execution, while LibSync consumes additional
CPUs to compress and flush buffers. Despite these aspects, all
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Fig. 7: Memory consumption (left) and output data transferred
over the network (right) of the best two Sync Engine ap-
proaches in Fig. 6, compared with Baseline and Current.

approaches used the same number of cores on average during
execution. This behavior is expected, as the LibSync worker
threads remain idle for most of their life cycle while waiting
for writes to complete, and rsync is only invoked at the
configurable Irsync intervals.

Figure 7 highlights differences in memory and network
usage. In the green bars, which represent maximum memory
usage, LibSync-C shows the highest value at 55 GiB, com-
pared to 38.2 GiB for the other approaches. This 16.8 GiB
increase, incurred by LibSync’s per-file ring buffers that are
used to absorb output bursts and overlap synchronization
with computation, did not pose a practical limitation for the
evaluated workload. This is not a concern, since LibSync’s
memory footprint is configurable, allowing memory usage
and buffering capacity to be adjusted to the workload char-
acteristics, while the instance required to run the simulation
provides 384 GiB of RAM. However, this may become a
problem in resource-constrained environments, as LibSync
requires additional memory to avoid performance losses under
I/O pressure.

The purple bars represent the total amount of output data
transferred over the network during the execution of each
approach, including data written to both cloud and on-premises
storage. LibSync-C and I-RSync-NC transfer substantially
more data because both write data to both types of storage.
LibSync-C transfers the largest volume because it effectively
mirrors all the writes throughout the job. However, it does
not reach twice the Baseline volume due to checkpoint com-
pression. I-RSync-NC, on the other hand, transfers less data
because it still relies on a final rsync step on a separate VM
to send the remaining data to the on-premises NFS storage.
Note that excessive network usage may lead to performance
losses under network contention.

5) Monetary costs: Since cloud billing is proportional to
the time the VM is in use, reductions in DAT directly translate
into lower monetary costs for the workload. Furthermore,
during the Post-execution phase executed by Sync Engine, an
additional single CPU instance might be necessary. Nonethe-
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June 2nd, 2026. The percentage above each bar indicates the
cost difference relative to the Baseline cost of US$0.883.

less, despite the additional cost, this is usually very cheap
relative to VM instances required by the HPC application.

The cost analysis considers the cloud compute resources
used during execution and persistence activities. Data egress
charges were not included, as they vary substantially across
cloud providers, services, contracts, and enterprise agreements.
In our production environment, compute costs represent the
dominant component of the total execution cost.

Figure 8 compares the total cost of executing the simulation
job across the approaches under comparison. The percentage
increase relative to Baseline is shown on top of the bars. It
reveals that I-Rsync-NC and I-Rsync-C incur lower costs than
LibSync-C, even though the latter obtained the smallest overall
DAT. This is because faster simulation execution under the I-
Rsync approaches compensates for the cost of allocating an
additional VM to execute the Post-execution phase.

LibSync-C reduces the Current per-simulation cost from
$1.009 to $0.905. While this seems like a small reduction
at first glance, notice that, as stated in Section IV-C, the
experiments used a 1-hour curtailed version of a 12-hour
simulation. To demonstrate the significance of the cost savings,
we ran a single full reservoir simulation for the approaches
Baseline, Current, I-Rsync-NC, and LibSync-C to estimate
costs for a scenario of 1000 full reservoir simulations, a scale
typical of iterative ensemble workflows using the Ensemble
Kalman Filter (EnKF) [35] for history matching. Based on
the results, our solution would reduce the total expense from
US$ 15016 to US$ 14193 with I-Rsync-NC and to US$ 14067
using LibSync-C, yielding savings of 6.3% (US$ 949) for
standard engineering workloads, compared to Current. Note,
however, that in practical terms, these savings represent a
lower bound. Sync Engine saves more time and money for
long-duration simulations by eliminating the need for regular
checkpoints and any lost computation incurred each time



revocations occur.
V. Related Work

This section briefly reviews related research and situates our
contribution within the broader context.
Cloud-to-On-Premises Data Synchronization. Managed net-
work utilities such as AWS DataSync [36] can automate data
movement between cloud and on-premises endpoints. How-
ever, AWS DataSync operates independently of the application
runtime, functioning as a periodic, batch-oriented synchro-
nization tool. Thus, it cannot mitigate the synchronous I/O
blocking penalties that arise when an active application writes
large payloads over high-latency connections. In contrast, the
Sync Engine architecture provides a runtime-level approach
and transparently decouples the simulation’s compute loop
from network constraints. This dual-layer approach bridges the
gap between application-level runtime performance and hybrid
storage synchronization, without requiring any application
modifications or a dedicated virtual machine appliance, and
without vendor lock-in to a single cloud provider.
Multi-tier Buffering, Data Staging and Tiering. Prior
work has explored buffering, staging, and tiered placement
to reduce data movement costs across heterogeneous storage
layers. Hermes [37] uses multi-tier distributed buffering to
absorb I/O bursts and move data asynchronously through deep
storage hierarchies. In cloud settings, Mutant [38] shows that
policy-driven placement across storage tiers can balance cost,
latency, and durability under changing workloads. Compared
with these systems, Sync Engine targets a narrower, but
more deployable integration point: transparent mirroring at the
POSIX layer for a fixed application stack and cloud-bursting
execution workflows.
Caching and Asynchronous I/O. Another approach reduces
I/O overhead by using asynchronous persistence and caching
close to the application. HDF5 Cache VOL [39] integrates
caching and staging into the HDF5 stack and asynchronously
moves data from node-local storage to the parallel file system.
An HDF5 VOL connector was used as a prototype in [40]
to implement asynchronous I/O using background threads,
overlapping I/O operations with computation. However, these
solutions are unsuitable because CMG Simulators are built
with an HDF5 library version that does not support HDF5
VOL connectors. Sync Engine is an asynchronous, agnostic
tool that can overlap I/O operations with computation without
requiring any changes to the application.
Compression in Scientific Data Paths. Compression is
another effective way to reduce storage traffic in scientific
workflows. Zstandard (ZSTD) [27] is a standardized loss-
less compression format designed for high-throughput, data-
stream-oriented use [29]. In scientific data management, com-
pression is commonly integrated into netCDF-4/HDF5 filter
pipelines [41]. Sync Engine differs by applying optional
streaming compression at the POSIX mirroring layer rather
than within the scientific I/O library, thereby preserving trans-
parency for proprietary simulators while reducing the volume
written back to on-premises storage.

VI. Conclusions and Future Work

This paper addresses a critical challenge in HPC cloud burst-
ing: how to reliably repatriate large checkpoint files (GB-scale)
to on-premises storage within the Spot instance eviction period
specified by cloud providers, without modifying applications.
Our evaluation reveals that current typical approaches fail in
two ways: (1) high I/O latency reduces VM efficiency, and (2)
the Spot eviction period can be insufficient to persist multi-
gigabyte checkpoints. Sync Engine, proposed in this work,
provides a means to address both challenges simultaneously.

By comparing the current production workflow, Sync En-
gine can actually offer a more effective balance among trans-
parency, performance, and resilience through two mechanisms:
periodic I-Rsync and the proposed LibSync mirroring mid-
dleware. In the evaluated configurations, LibSync with com-
pression (LibSync-C) delivered the best overall performance,
incurring only 3% additional Data Availability Time relative
to a cloud-local Baseline time and also completes the close
phase, including writing locally and transferring on-premises
a 3 GB checkpoint file, in 63 s, which is within the AWS 120 s
Spot eviction period. In addition to these performance benefits,
this configuration also provided a 6 to 10% monetary saving.

Overall, the paper demonstrates that large-scale CMG reser-
voir models can be executed on transient cloud resources while
still satisfying on-premises persistence requirements and data
sovereignty constraints. In this sense, Sync Engine advances
the practical viability of cloud bursting for industrial reservoir
simulation workloads by decoupling the simulator’s hot write
path from the latency cost of on-premises storage, without
requiring changes to the simulator itself.

As future work, two directions appear particularly relevant.
First, integrating Sync Engine with a multi-region, multi-
market VM selection framework that is checkpoint-driven
and supports restarts is a straightforward direction. Second,
LibSync can be extended with on-the-fly client-based dedupli-
cation to further reduce mirrored traffic and storage footprint
when output or checkpoint streams contain repeated regions.
Also, the compression ratio depends on the checkpoint file
structure (binary, non-sequential), so other workloads may
benefit differently, and further exploration is required.

As a final remark, our contribution is not merely a faster
synchronization mechanism but a production-ready solution
that brings us one step closer to enabling transparent, economi-
cally viable hybrid cloud-bursting HPC operations for reservoir
engineering workloads under strict persistence constraints.
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