ABSTRACT

BEHERA, SUBHENDU SEKHAR. Adaptive Workflow Scheduling and Fault Tolerance to Manage HPC
Resources. (Under the direction of Dr. Frank Mueller.)

Large-scale Al and high-performance computing systems are breaking barriers with exascale
capabilities that accelerate research and development, driving scientific and technological innova-
tion. However, as scale and heterogeneity increase, failures — and the inefficiencies in recovering
from them — cause substantial loss of computation, degrading both workflow performance and
overall system efficiency. Moreover, even with massive computing capacity, users often struggle to
meet deadlines for large and complex workflows. Consequently, intelligent and adaptive resource
management becomes essential for workflow scheduling and fault tolerance to mitigate work loss,
enable efficient recovery, and ensure timely execution.

This work identifies and leverages opportunities for prioritization, predictability, and scalability
within the HPC ecosystem to alleviate these challenges. We integrate these principles into three
adaptive and complementary solutions across the HPC software stack. First, our predictive, failure-
aware Checkpoint/Restart model mitigates the limitations of short failure lead times by prioritizing
processes within an application, thereby improving efficiency. Second, we introduce a workflow
scheduling framework driven by resource availability prediction that overcomes the shortcomings
of traditional cloud bursting approaches and enables deterministic workflow execution. Finally, we
leverage the existing scalable scheduling techniques for workflow management that support efficient
and coordinated recovery from failures while reducing resource inefficiencies associated with
uniform, isomorphic failure handling. Together, these contributions offer cohesive and synergistic
resource management strategies that advance adaptive workflow scheduling and fault tolerance on

modern HPC systems.
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CHAPTER

1

INTRODUCTION

Adaptive and ef cient resource management techniques are critical to achieving resilience and de-
terministic scheduling on modern large-scale High-performance Computing (HPC) systems. In the
absence of robust resiliency and timely scheduling mechanisms, HPC systems risk underutilization
and inef cient use of compute resources due to failures, as well as an inability to meet deadlines
for time-critical workloads. To highlight these concerns, we identify three key challenges faced by
today's HPC ecosystem.

Challenge 1: Checkpoint / Restart (C/ R) is widely used to enable reliable execution of applica-
tions ranging from exascale simulations to large language model training. When coupled with failure
prediction, C /R can further improve overall execution ef ciency. However, existing failure-aware
C/ R techniques fall short when handling failures with low lead time. Under high | / O contention,
vulnerable nodes cannot deterministically save state to persistent storage, such as a parallel le sys-
tem. In such scenarios, large-scale applications suffer from computation loss, resulting in resource
wastage.

Challenge 2: Beyond resiliency, ef cient resource utilization and predictable performance across
heterogeneous HPC-Cloud systems remain open challenges. Meeting deadlines for data-intensive
work ows is dif cult because HPC jobs experience variable queue wait times. Cloud Bursting can
provision additional public-cloud resources to meet demand, but it lacks deterministic scheduling



because it depends on local HPC resources that may not be available. Additionally, data movement
latency between HPC and cloud environments becomes a performance bottleneck, leading to
resource idleness and increased cost.

Challenge 3: As work ows grow more complex and distributed, fault tolerance must extend
beyond individual applications to entire work ow ecosystems. Existing fault-tolerance approaches,
such as C/ R and resource over-provisioning, perform well for monolithic parallel jobs but fail
to support complex heterogeneous work ows due to limited awareness of the work ow—HPC
hierarchical ecosystem. Work ow management systems orchestrate such work ows but typically
provide only basic fault tolerance, such as job restarts or simple error handling via programming-
language mechanisms. These approaches lack the holistic, system-wide coordination required for
ef cient recovery.

To address this diverse set of challenges, we propose the following hypothesis.

Hypothesis: Toimprove application and system ef ciency in the presence of failures and inef cient
recovery, and to ensure the timely execution of work ows, modern HPC systems require intelligent
and adaptive resource management techniques for fault tolerance and scheduling that leverage
prioritization, predictability, and scalability within the HPC ecosystem.

To evaluate this hypothesis, we developed three primary solutions that leverage techniques
such as prioritization, predictability, and scalability within the HPC ecosystem. This thesis is orga-
nized into three main chapters. In Chapter 2, we develop p-ckpt, a novel checkpoint /restart (C/ R)
technique driven by a failure prediction model that coordinates distributed processes to prioritize
checkpointing on vulnerable nodes, thereby enabling contention-free access to the parallel le
system (PFS). We further integrate complementary technologies, such as live migration and burst
buffers, into p-ckpt to reduce work loss and improve checkpointing ef ciency. Our hybrid p-ckpt
C/ R model considers prediction lead time and checkpoint latency to the PFS when deciding on fea-
sible proactive actions, such as proactive checkpointing or live migration. We evaluate our solution
through simulation using six real-world applications on the Summit supercomputer, comparing it
against state-of-the-art approaches in terms of overhead reduction. We assess our C /R models under
multiple failure distributions and analyze the impact of lead-time variability and failure prediction
accuracy. Based on this evaluation, we discuss the trade-offs associated with these models and their
effects on overall application overhead.

In Chapter 3, we present a predictive work ow scheduling approach that enables determin-
istic execution and controlled cost—deadline trade-offs across hybrid environments, providing
reliable guarantees on both cost and deadlines for large-scale work ows. We propose scheduling
data-intensive work ows deterministically over a combined HPC—cloud hybrid environment by
scavenging unused HPC resources. We predict the availability of HPC resources and exploit these



predictions to dynamically split resource allocation between unused HPC capacity and cloud on-
demand resources to complete work ows by a given deadline. Deterministic resource allocation

enables preloading of input data for work ow tasks, thereby avoiding execution delays. Furthermore,

we develop an adaptive scaling algorithm that effectively backs up the targeted HPC allocation with
cloud resources to prevent work ow execution delays in the event of inaccurate resource availability
estimation. We evaluate our framework against state-of-the-art solutions based on task completion
rate, impact on HPC production jobs, cost savings, and cost estimation error.

In Chapter 4, we present the Work ow Hierarchy-aware Distributed Exception Management
System (WHESL), a novel solution that standardizes FT speci cation and manages exceptions
among disparate components in work ows in a coordinated and programmable manner. WHESL
is primarily built on three core components: ESL, an Exception Speci cation Language that can
succinctly de ne arich set of exceptions and relate them to the hierarchy of work ows; EMIL, the
Exception Management and Isolation Layer, which provides exception isolation and coordination
among the components of the work ow execution environment; and ERM, the Exception Resource
Management library that provides advanced recovery mechanisms. Our solution is built on top of
Flux, a next-generation hierarchical resource and job management system, from which we utilize
scalable and nested scheduling capabilities. By evaluating different types of exceptions, we show
that WHESL can signi cantly extend the traditional HPC FT support for modern work ows, thereby
enabling scalable, usable, and portable fault tolerance on modern HPC systems.



CHAPTER

2

P-CKPT: COORDINATED PRIORITIZED
CHECKPOINTING

2.1 Introduction

Failures and I/ O contention add signi cant overhead to application execution and become the
key challenge for C/R ef ciency [Gei03; Sat12; Sch07; Luc14; Liul2; Isk0§. In past years, signi cant
progress has been made on failure prediction [Das18b; Das18c; Gail2b; Gail24, live migration
(LM) [Wan08; Wan12], and Burst Buffers (BBs) utilization [Liul2; Fan] to address the challenges of
fault tolerance and PFS 1/ O contention. Based on these techniques, many hybrid solutions such
as failure-aware safeguard checkpointing [Boul3; Tiwl14], and multi-level C /R by orchestrating
failure prediction, LM, BBs and periodic checkpointing  [Beh20] have been proposed. Multi-level
Checkpoint models employ multiple storage layers with different latency to minimize checkpoint
latency while improving system ef ciency  [Mo010; Dil7; Dil4 ]. Safeguard Checkpoint [Boul3] tries
to minimize computation loss by checkpointing just-in-time before an anticipated failure. However,
effectiveness of these failure-aware C / R solutions depends on the accuracy of the failure prediction
model and the length of the lead times to predicted failures. Proactive technigues, such as LM, require
high lead times for a larger memory footprint while safeguard checkpoints require enough lead time



to complete a proactive checkpoint until the data is committed to the PFS amid|l /O congestion.
Without adequate lead time, an effort to complete the safeguard checkpoint is not guaranteed to
succeed (i.e., complete before the failure) on vulnerable nodes given the unpredictable nature of

I/ O completion on large HPC systems. Such challenges require solutions that can effectively meet
the deadline to commit checkpoint data to the PFS on vulnerable nodes. Prioritizing checkpoint
data bleed-off on individual nodes is a promising direction. A lesystem-level implementation of
prioritizing checkpoint data on vulnerable nodes to PFS requires complex changes in the lesystem,

I/ O server layer, and interconnect network layer. Further, in a system with a high failure rate, simple
prioritization of an unhealthy node would fail given the Weibull distribution of failure arrival times

on HPC systems [Tiw14].

To address these challenges, we propose a novel coordinated prioritized checkpoint method,
called p-ckpt, that coordinates processes within an application in their effort to store checkpoint
data to the PFS in giving vulnerable nodes higher priority for such actions. The core idea is as follows:
In the event of failure predictions, a p-ckpt request gets initiated by the vulnerable node. It triggers
the checkpointing process to, in the rst phase, checkpoint to the PFS on only the vulnerable nodes.
During this time, the healthy nodes await a checkpoint completion noti cation from vulnerable
nodes to move forward to the next phase, and a new node predicted to fail during this phase gets
gueued in the node-local priority queue based on its lead time to failure. Once all the vulnerable
nodes commit their checkpoint data, the remaining nodes commit their checkpoint data to the PFS
in a second phase. Such coordination is facilitated by prioritizing vulnerable nodes based on the
lead time to the predicted failure. A lower lead time implies a higher priority. Further, we incorporate
LM into the C / R model, thereby creating a so-called hybrid p-ckpt . LM is the preferred proactive
choice over prioritized checkpoints as it is cost-effective in terms of network traf ¢ and its ability to
let the application continue execution while LM is in progress  [Wan08].

Our multi-level hybrid p-ckpt C/ R model for modern HPC systems can bene tin performance
from failure prediction and an analysis model for effective use and coordination of multiple resilience
techniques such as p-ckpt, LM, and periodic checkpoints. Our adaptive C /R modelis driven by failure
lead time prediction to select an appropriate proactive action with the smallest possible overhead
in the presence of failures. Deshs [Das18b] log-based failure chain characterization technique is
utilized to detect instances of likely failures in real-world HPC system logs (three HPC systems) and
their lead time distribution, which provides the means for failure prediction and system failure rate
calculation. LM and p-ckpt checkpoints are integrated into our C /R model to provide just-in-time
mitigation of a predicted failure. The approach is unique in that it selects the best possible actions
dynamically based on the lead time to failure, either via  p-ckpt, to checkpoint to the PFS, or via LM
with minimal interruption to application execution. The impact of this trade-off is subject to our



evaluations.
In summary, we make the following contributions:

We assess the impact of short lead times to predicted failures comparing existing safeguard
checkpoint and live migration [Boul3; Beh20] solutions.

We propose a novel checkpoint technique, ( p-ckpt ), that allows coordination at application-
level to prioritize the saving of state on nodes with imminent health problems to avoid computational
loss due to failures.

We develop a hybrid p-ckpt C/R model that coordinates fault tolerance techniques of LM
and coordinated prioritized checkpointing while considering the latency of multiple | / O layers for
storing checkpoints, driven by a log-based failure analysis and prediction model to reduce failure
overhead.

We evaluate the p-ckpt and hybrid p-ckpt C/ R models against multiple failure distributions
and measure their effectiveness while assessing sensitivity to lead times to failures. We test their
robustness against failure prediction accuracy. We discuss these evaluations and make suggestions
on their applicability. Further, we evaluate the impact of checkpoint size and LM transfer size on
the performance of LM and p-ckpt models and provide an analytical model.

2.2 System Model

Our work is modeled on an HPC system that resembles the Summit supercomputer architecture.
Each compute node has a BB serving as an intermediate storage device to absorb | /O write bursts
locally. Other HPC architectures historically employed a cluster of dedicated BB nodes, e.g., NERSC's
Cori [Bhil6]. On Summit, each BB device has 1.6 TB capacity, compared to a 512 GB DRAM size,
with up to 2.1 GB / sec write and 5.5 GB/ sec read I/ O bandwidth [Vaz1§]. BBs assist in reducing
PFS V O contention in two situations in our C /R model: First, periodic checkpoints are cached on
the BBs and later asynchronously bled off to the PFS. The asynchronous bleed off is optimized by
limiting the number of nodes that transfer data to the PFS at any time. Second, during recovery
from unmitigated failures, only one node, the replacement node, needs to recover checkpoint data
from the PFS. The rest of the nodes recover data from their local BB.

Further, each node has an instance of a fault predictor using the Aarohi  [Das20b] model running
on a separate core than the application. Aarohi suggests placing predictors on Hardware Supervisory
System (HSS) that manages a chassis on Cray systems. Their observations are based on the grounds
of application interference from the predictor. However, notifying the prediction handler subsys-
tem/thread on a compute node from a chassis controller can be challenging in terms of latency,
particularly when prediction lead times are in the range of a few seconds. Placing the predictor on



the node itself eliminates this problem, preferably on a spare core or otherwise by core sharing with
applications. Aarohi itself is a lightweight monitor that predicts a failure by analyzing 18 different logs
within 0.31 msecs on average. Checkpoint data is transferred from BBs to the PFS asynchronously,
e.g., via the Spectral library on Summit [ORN20]. We assume that the integrity of the checkpoint
data stored on local BBs is maintained, and the checkpoint size per node never exceeds the DRAM
or BB size.

Checkpoint Model: Our proactive checkpoint technique (applicable to both  p-ckpt and safe-
guard checkpoint) mandates that all the nodes commit their checkpoints to the PFS in the event
of failure prediction, thereby bypassing the BBs. In contrast, periodic checkpoints are staged on
to the BBs rst and later drained to the PFS asynchronously. Other strategies have been pursued
in multi-level checkpointing models, such as neighbor checkpointing and local disk /BB check-
pointing [Moo10; BG11]. Evaluating these methods are beyond the scope of this work, but as they
are orthogonal, can themselves bene t from prioritization. Further, we mandate all the nodes in
an application to save their state to avoid application restart and synchronization issues. Thus, if
recovery happens from a non-handled failure, then all the healthy nodes recover checkpoint data,
which was stored in a periodic checkpoint on their local BBs, while the replacement node recovers
from the PFS. If a failure is mitigated with proactive checkpointing, then all the nodes recover from
the PFS.

Failure Model: We make the following assumptions in our failure model:

Failures can happen at any pointin time.

The impact of failure is limited to a single node.

Another failure, predicted or not, can occur on a node that already had a previous failure
predicted, but still with some lead time left before the failure is predicted to occur.

The Optimal Checkpoint Interval (OCI) is the near-optimal time gap between two consecutive
checkpoints that aims to lower the checkpoint frequency while minimizing the computation loss
due to failures. Young's formula [You74] for OCI applies to single-level C /R models. Previous work
by Di et al. [Dil4; Di17] and Benoit et al. [Benl17] focused on the optimal checkpoint interval for
multiple types of checkpoints, each of them stored on a separate storage medium. However, our HPC
system model employs intermediate storage devices (BBs in this case) that stage the checkpoints
before being bled off to the PFS asynchronously. Failures during the asynchronous checkpointing
can cause loss of computation performed during the current and previous iterations as shown in
Figure 2.1(B). However, during our evaluation, we found that this asynchronous checkpoint window
is negligible compared to the OCI because of the high performance of the PFS on Summit (see

Section 2.4). So we use Young's formulain Eq. 2.1 for OCI calculation, where tfrztpt is the OCI, the
failure rate, ¢ the number of compute nodes a job is running on, and t(?kbpt the time required to



Figure 2.1 Computation loss upon failure during (A) computation post checkpointing to PFS, (B) asyn-
chronous checkpointing to PFS, and (C) synchronous checkpointing to BB

write one checkpoint to the BBs by a job.
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Figure 2.2 Failure prediction lead time distribution



The OCI in our checkpoint model further includes a rigorous analysis of failures logs. The study
analyzes the system logs collected from three real-world HPC systems from Desh [Das18b] over a
period of six months. Using the Desh approach, the most common sequences of phrases in logs that
may lead to failure are considered. Our assumption in this work is that any sequence of phrases,
so-called failure chains, results in an actual failure. The time difference between the rst phrase and
the last phrase in a chain is calculated as the lead time. Figure 2.2 shows the distribution of lead
times as box plots for different failure instances (sequence 1-10), each of which occurs repeatedly in
these logs. Failure sequence ID and the number of occurrences in the logs are on the x-axis. The
y-axis represents the lead time in seconds. Mean lead time is on the left side of each boxplot. We
observe that most failures are bounded by the whiskers, only a few outliers exist, with an exception
of failure sequences 3 and 4. In the following experiments, we consider the actual lead time of any
failure during simulation.

We introduce a parameter  that represents the percentage of failures that can be predicted with
enough lead time in excess of the time required to migrate a process from a faulty node to a new and
healthy node. By consideringa  percent decrease in the rate of failures, we further improve the OCI.
That means percent of failures can be predicted with a lead time in excess of seconds and thus
can be avoided with proactive live migration. We calculate the value by assuming that the total
amount of data transferred during live migration is equal to three times the processes' checkpoint
data and is bounded by RAM size (512 GB). We account for a 3x higher footprint for LM as it migrates
an entire process rather than just a subset of application data. Consider a stencil with a temporal
domain of t-1, t,t +1, i.e., any particle point has 3 values in time (needed by LM whereas p-ckpt
only needs one as others can be recalculated). This approximates the overhead assuming that these
data structures dominate the memory consumption of an application. Note that Eq. 2.1 is used for
the p-ckpt model while Eq. 2.2 is applicable to the hybrid p-ckpt model. We do not incorporate the
percentage of failures handled by p-ckpt in the OCI as they cause the application to recover after
failure. In contrast, with live migration, failures are avoided, i.e., no recovery process is required.

v
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2.3 Simulation Framework

For evaluating the C / R models developed in this chapter, we rely on simulation. SimPy  [Tea2(], a
process-based discrete-event simulation framework in Python, is used for developing our simulation
framework. With SimPy, we simulate the time spent during computation, checkpointing to BBs



Figure 2.3 Simulation framework

and PFS, proactive operations, and inject failure events. Our simulation framework comprises
multiple components (see Figure 2.3). Components boxed with dotted lines run as a SimPy process
during simulation. The boxes with solid lines represent the input to these components. Arrows of
dotted edges indicate either actions or input at runtime, arrows with solid lines are inputs during
initialization time. Each simulated application runs as a SimPy process performing computation
and periodic checkpointing iteratively. The OCI of each application SimPy process is updated
periodically using Eq. 2.1 and Eqg. 2.2 to better account for a dynamically changing system failure rate.
The checkpoint period is constant as the applications store checkpoints to BBs while asynchronously
draining them to PFS.

The system and application con guration le contains input describing application characteris-
tics, PFS I/ O performance statistics, failure distribution parameters (Table 2.3), and failure analysis
(lead times) in detail. These data are fed into the simulation framework creating the static and dy-
namic components required for the simulation. The failure generation and prediction component
uses the failure distribution parameters to generate one of the failures along with its prediction lead
time using failure analysis described in Section 2.2 that is then injected into an application. For
each failure generation, a node is randomly selected from a uniform probability distribution. The
application on that node gets a failure prediction noti cation before the actual failure is triggered.
Upon prediction, the application selects one of two proactive actions; which one depends on the
C/ R model algorithm being simulated.
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When a failure is injected, the interrupted application uses the SimPy framework's time mea-
surement APIs and the PFS |/ O performance model to determine its state at the time of failure and
calculates the amount of computation loss. Hence, the | /O performance model is an integral part
of our simulation framework, which is described in the following section. Further, we make the
following assumptions in our simulation:

The rate of failures is lower than the rate of recovery for failed nodes so that reserved nodes are
always available to the resource manager, such as Slurm [Yoo03] or Flux [al.18a].

No distinction is made between soft failures and hard /node failures, i.e., both are handled
uniformly, except during the recovery process. A failed node is always replaced by a new and healthy
node.

Checkpointing resembles application-level checkpointing.

2.4 1/ 0O Performance Model

I/ O performance is known to be variable due to| /O contention between different jobs. Even on
modern HPC systems, the | / O bandwidth of an application is severely impacted by concurrent! /O
operations performed by other applications. This causes signi cant variability in | / O performance.
On Summit, IBM's SpectrumScale GPFS'M PFS handles application | /O using IBM's G L4™
Elastic Storage Servers as I O nodes. The |/ O subsystem evaluation in [Vaz18 shows an aggregate
bandwidth of 2.5 TB / sec can be realized. However, the evaluation measures the performance of
the I/ O node server. It does not measure the | / O performance realized within an application. The
objective here is to characterize the actual I/ O performance seen by an application.

To characterize the | / O performance of the GP FS™ | two experiments are conducted. The rst
experiment determines the optimal number of MPI processes that can achieve maximum aggregate
I/ O bandwidth on a single compute node. A compute node on Summit has 42 physical cores, which
are evenly distributed over two sockets along with DRAM. This experiment measures the average
I/ O bandwidth for different aggregate data transfer sizes over multiple MPI tasks from 1 to 42 in 10
different runs. These MPI tasks are evenly distributed over the two sockets on the compute node and
use POSIX write to transfer data. | / O buffers are ushed via the fsync () call to ensure that the data is
not cached but rather committed to the devices. Figure 2.4 depicts the aggregate | /O bandwidth
(y-axis) for different transfer sizes (x-axis) on curves ranging from 1 to 42 processes. These results
indicate that 8 MPI tasks on a single compute node result in the maximum | /O bandwidth. Hence, 8
MPI tasks are used to store checkpoints in the C /R model.

The second experiment assesses the effect of weak scaling on aggregate 1/ O bandwidth for
different sizes of aggregate data transfer per node. 8 MPI tasks are used to perform | /O on a node and
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Figure 2.4 1/ O performance on single compute node

Figure 2.5 Impact of scalingon | /O bandwidth
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its aggregate bandwidth is averaged over 10 runs. Effectively, the | /O performance of the GPFS'™™
parallel le system is modeled. Figure 2.5 shows the effect of scaling (nodes on the y-axis, transfer
size on the x-axis) on aggregate I/ O bandwidth (indicated by the heat map). For weak scaling, a xed
data size (each column) is exposed to an increasing number of hodes. We increase the data size
along the x-axis and construct the | /O performance matrix. In our simulation, this performance
matrix is used to calculate the time required to store checkpoint data in the PFS. Our simulation

is based on the assumption that the aggregate bandwidth of a job is not affected by the | /O traf c
generated by other running applications for now. I /O congestion will add more overhead for the
non-frequent and failure prediction driven proactive checkpoints (safeguard and p-ckpt) as they
checkpoint to the PFS directly, but not for the asynchronous periodic checkpoints from BBs to
PFS resulting in minimal impact on performance overhead across allthe C /R models. Adding the
effect of background traf c impacts the checkpoint overhead across all models. For evaluation
purposes, we assume the same performance matrix for the | /O read operations. PFS write achieves
better throughput than read because data is cached. But checkpoints must be committed to the
PFS before recovery. Hence, our I/ O experiments use fsync() to purge caches. Further, as stated in
Section 2.2, all nodes recover checkpoint data from BBs, except for the new replacement node in
case of non-handled failures. This reduces PFS reads to a single node and thus no longer results
in PFS contention, i.e., | / O performance is well below the thresholds of the aggregate scenario as
discussed before. So recovery mainly depends on BBs speed, PFS is not the bottleneck.

2.5 Impact of Lead Time Variability

We simulated the execution of six real-world scienti ¢ applications listed in Table 2.1 to assess the
impact of prediction lead time variability. Previous works  [Wan17; Tiwl4] use these application
characteristics with the OLCF's Titan supercomputer as their platform. Since our experiments are
based on Summit, we scale up the checkpoint size for each application proportionately to the
change in DRAM size using Eq. 2.3.

Siz _Sizeyg #Nodes,ew DRAMSIZEqy
Fhew = #Nodes,g DRAMSIZE,q

(2.3)

To generate failures, we use the Weibull distribution parameters of Table 2.3 for OLCF's Titan
in place of Summit's because of unavailability of the latter. A total of 1000 simulation runs were
performed and then averaged.

We performed our analysis using three existing C /R models:
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Figure 2.6 Impact of lead time variability on safeguard checkpointing and LM for application CHIMERA

Figure 2.7 Impact of lead time variability on safeguard checkpointing and LM for application XGC
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Table 2.1 HPC workload characteristics

Figure 2.8 Impact of lead time variability on safeguard checkpointing and LM for application POP

Checkpoint

Number of Size (GB) | Computation

Application Nodes on Summit Time (hour)
CHIMERA 2,272 646,382 360
XGC 1,515 149,625 240
S3D 505 20,199 240
GYRO 126 197.2 120
POP 126 102.5 480
VULCAN 64 3.27 720
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« Model B: Periodic checkpointing + No prediction (base model);

* Model M1: Periodic checkpointing + Failure prediction & analysis model + Safeguard check-
pointing; and

» Model M2: Periodic checkpointing + Failure prediction & analysis model + Live migration.

Both models M1 and M2 are driven by failure predictions to perform proactive actions to avoid
losses due to failures. Model M2 represents the LM-C /R model [Beh20] and starts the LM process
with adequate time before failure. Model M1  [Boul3] performs just-in-time checkpoints or safeguard
checkpoints before a failure.

Figures 2.6, 2.7 and 2.8 llustrate the impact of prediction lead time variability on the applications
(results for S3D, VULCAN, and GYRO omitted as they behave similarly to POP). The curves represent
the percent change of overhead for each phase of M1 (red) and M2 (blue) relative to the base model
B (y-axis) over percent lead time variation (x-axis). When lead times are varied, failure prediction
timing is impacted. For example, with a 50% increase in lead time, failures are predicted 1.5x earlier
than the original lead times. At 0% (y-axis), the overhead remains unchanged, at 100% the overhead
is completely removed, i.e., higher is better. The phase of each model is indicated by the legend and
de ned as follows:

Checkpoint Overhead: Duration for which application execution is blocked for checkpointing.

Recomputation Overhead: Duration to recompute the portion of execution that was lost due to
a failure.

Recovery Overhead: Duration to recover from all failures.

Observation 1: Model M2 shows moderate improvement in reducing resilience overhead when
lead times increase for large applications, but its performance diminishes once lead times are shorter
than their reference values. In contrast, M1 reduces recomputation overhead by a larger amount
than M2, but only for the smallest of applications; other overheads, and recomputation for larger
applications remain unchanged.

For the large applications, CHIMERA and XGC, safeguard checkpoints (M1) do not add any
bene t while they eliminate 85% of recomputation cost for smaller applications (even for a 50%
decrease in lead time) and tolerate the impact of lead time variability. For S3D, in particular, M1's
recomputation cost reductions gradually decrease from 77% (for 50% increased lead time) to 50%
reductions (for 40% decreased lead times) and evaporates with further decrements in lead times.
Safeguard checkpoints (M1) have no impact on checkpoint and recovery overhead regardless of
application size.
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We observe a more differentiated pattern under model M2. The support of LM in M2 reduces alll
types of overheads and changes with lead time variability at different rates depending on application
size. For the largest application, CHIMERA, M2 sees all types of reductions rise by 8-10% (for a 10%
increase in lead times relative to the reference) resulting in 35%-60% savings over the base model, and
then remaining stagnant for longer leads. However, a mere 10% decrease in lead times diminishes all
types of bene ts provided by LM in M2. Similarly, for XGC, the second largest application, bene ts
for all types of reductions gradually increase with longer lead times, and these bene ts rise at a
faster rate than for CHIMERA. With a decrease in lead time, these bene ts diminish only after lead
times decrease by 50% or more. For smaller applications, M2 provides consistent reductions in all
types of overheads that are not affected by lead time variability.

To understand the impact of lead time variability on M1 and M2, we de ne two terms: FT latency
and FT ratio. FT latency is the time required by M1 or M2 to complete its proactive action to mitigate
failures. FT ratio is the ratio of successfully mitigated failures to the total number of failures for
an application. Application size and FT latency are two key factors that impact the performance
bene tsin M1 and M2 when lead time is varied. Table 2.2 represents the FT ratio in M1 and M2 for
CHIMERA, XGC, and POP under varied lead times. As application size increases, both M1 and M2
require larger lead times to mitigate failures. So there is a drop in FT ratio for a lead time reference
resulting in decreasing overhead reductions. This drop is also seen with increased reference lead
times. This suggests that both M1 and M2's FT latencies are too high for large applications. Also, a
decrease in lead time brings the FT ratio for M2 to near zero for large applications (CHIMERA and
XGC) resulting in near-zero overhead reductions. However, since M2's FT latency is lower than M1,
it results in a higher FT ratio in M2 for large applications. In contrast, for smaller applications, the
FT ratios remain similar and unchanged for both M1 and M2.

This experiment illustrates that lead time variability can have a severe impact on failure prediction-
assisted fault tolerance solutions. First, Safeguard Checkpointing (M1) fails at providing any bene ts
for large applications and only provides reductions in recomputation overhead for smaller appli-
cations. Second, a small decrease in lead time can reduce the performance bene ts of LM (under
M2) for large applications. Given these results, our proposed p-ckpt solution aims to tackle these
challenges of short lead times as described in the following section, followed by an evaluation with
the same experimental methodology as discussed so far.

2.6 Priority-based Coordinated Checkpointing

In this section, we describe the overall design of our priority-based coordinated checkpointing
method, p-ckpt, and the hybrid p-ckpt model. The core idea behind p-ckpt is that it applies coor-
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Table 2.2 FT Ratio for applications under M1 and M2

Lead

Time
Change FT Ratio
CHIMERA XGC POP
M1 M2 M1 M2 | M1 | M2
+50% | 0.007 | 0.57 | 0.04 | 0.83 | 0.84 | 0.85
+10% | 0.006 | 0.57 | 0.04 | 0.69 | 0.82 | 0.85

0% 0.006 | 0.47 | 0.04 | 0.66 | 0.84 | 0.85
-10% | 0.004 | 0.04 | 0.04 | 0.58 | 0.83 | 0.86
-50% 0 0.04 | 0.009 | 0.04 | 0.83 | 0.85

dination among the nodes within an application before checkpointing to the PFS. It supports the
prioritization of vulnerable nodes during the checkpointing to guarantee them contention-free
access to the PFS. Thehybrid p-ckpt model orchestrates p-ckpt with another proactive choice LM.
However, LM is the preferred choice in our C /R model over p-ckpt as it allows the application
with a vulnerable node to continue its execution while its pages are being copied to a replacement
node [WanO08]. Further, checkpointing /restarting (to / from PFS) is more costly than LM in terms of
network traf ¢ for medium to large applications.

Figure 2.9 State diagram of a node in hybrid C/R model
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Figure 2.9 depicts the state transitions of a node in the hybrid p-ckpt model. The square boxes
with solid lines represent different states of a node. The ellipses with dotted transitions represent
noti cations as required. The solid arrows represent state transitions. When a failure is predicted, a
node transitions from the normal state of periodic computation and checkpointing to the vulnerable
state. In this state, based on the predicted lead time, a decision is made on the proactive action. If
there is enough time to migrate the process from the vulnerable node to a new and healthy node,
then the live migration process starts. Otherwise, the vulnerable node sendsa p-ckpt noti cation
to all other nodes and the p-ckpt process begins. When a p-ckpt noti cation is received, healthy
nodes transition to the waiting state and wait for the vulnerable nodes to nish checkpointing to the
PFS. Once the vulnerable nodes nish storing their state to the PFS, they broadcastthe  pfs-commit
message to all other nodes within the application. When the healthy nodes receive this noti cation,
they proceed with checkpointing to the PFS. The p-ckpt process is implemented with node-local
priority queues, where vulnerable nodes with lower lead time to failures have higher priority while
all healthy nodes have equal lower priorities. When live migration is in progress and another failure
prediction occurs with lower lead time, live migration is aborted and the p-ckpt process begins (see
state diagram).

P-ckpt performs a few global synchronizations and broadcast operations, which adds perfor-
mance overhead. However, these operations are in the order of microseconds on Summit  [Vaz1§]. A
global barrier with 2048 nodes takes only 8 secs. We do not account for these small overheads
during simulation. Further, the p-ckpt threads run only when a p-ckpt is taken but otherwise do
not impact applications during execution. LM's execution interleaves with application execution.
However, the overhead is quite low adding just 0.08-2.98% in runtime during live migration [Wan08].

2.7 Evaluation

The simulator used in Section 2.5 is also used for the evaluation of two new models as below relative
to the same base model B as before:

* Model P1: Periodic checkpointing + Failure prediction & analysis model + p-ckpt.

* Model P2: Hybrid of periodic checkpointing + Failure prediction & analysis model + p-ckpt +
LM.

Model P2 combines two different proactive fault tolerance techniques, LM and p-ckpt. The
objective is to showcase our contributed models' bene ts over fault tolerance models in prior work.
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Figure 2.10 Reduction in overhead for Summit under Titan's Failure Distribution

No prior work combined M1 +M2, and bene ts may be limited for large applications (CHIMERA
and XGC) as M1 is ineffective for large applications (see Section 2.5).

Figure 2.10 depicts for each application (x-axis) the overhead of fault tolerance in percent (y-axis)
normalized to the base model (B) with periodic checkpoints ( rst bar) compared to failure prediction
models M1, M2, P1 (p-ckpt ) and P2 (hybrid p-ckpt ). All models are annotated with rounded total
overhead (in hours) on top of each bar. To test the robustness of our C /R model, we applied three
different failure distributions from systems referenced in Table 2.3  [Wanl17; Tiwl4]. Here, we make
the assumption that OLCF's Titan's failure distribution applies to Summit, i.e., Figure 2.10 depicts
the overhead distribution for Summit under Titan's failure distribution.

Observation 2: p-ckpt (P1) and hybrid p-ckpt (P2) help reduce application overhead over the
base modelby 42%-55% and 53%-65% on Summit, respectively.

Table 2.3 Weibull distributions for failure generation

HPC System Shape | Scale

LANL System 8 (164 nodes) | 0.7111 | 67.375
LANL System 18 (1024 nodes) | 0.8170 | 6.6293
OLCEF Titan (18868 nodes) 0.6885 | 5.4527
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In related work [Beh20], the LM-C /R model (M2) was guided by failure prediction and reduced
the application overhead by  31%-61%. This reduction was due to the assistance of LM. The safe-
guard checkpoint model (M1) by Bouguerraetal. [Boul3] when driven by lead time-based failure
prediction, reduced overall application overhead by 0-52% without providing any bene ts for large
applications. With hybrid p-ckpt , we observe a signi cantly higher reduction in cost, by 53%-65%
(see Figure 2.10), than in [Beh20; Boul3]. The savings can be attributed to a combination of prior-
itized coordinated checkpointing ( p-ckpt ) against failures with short lead times (model P1) and
lower failure rates due to prediction and successful mitigation via LM (model P2). The assistance of
p-ckpt alone bringsa 42%-55% reduction in application overhead (see Figure 2.10), which is higher
than model M2 for large applications. Table 2.4 represents the FT ratio in P1 and P2 for CHIMERA,
XGC, and POP under varied lead times. As can be seen, the lower FT latency of p-ckpt allows both
P1 and P2 to obtain a higher FT ratio compared to models M1 and M2 (see Table 2.2). Model M1
cannot handle failures with short lead times for large applications with safeguard checkpoints, and
its FT ratio remains near zero. However, p-ckpt successfully handles such failures as it commits the
checkpoint on the vulnerable nodes without any congestion in a prioritized manner. While M2's
LM yielded an FT ratio of 0.5 and above for the base lead times and above for large applications,
p-ckpt pushed the FT ratio in P1 and P2 even higher, resulting in better overhead reductions. Notice
that the FT ratios for P1 and P2 are almost equal for all the applications. That means both P1 and
P2 can handle an equal amount of faults, but the overhead reduction difference between them is
signi cant, as discussed later.

Table 2.4 FT Ratio for applications under P1 and P2

Lead

Time
Change FT Ratio
CHIMERA XGC POP
P1 P2 P1 P2 P1 P2
+50% | 0.84 | 0.83 | 0.85| 0.84 | 0.88 | 0.86
+10% | 0.76 | 0.76 | 0.84 | 0.84 | 0.87 | 0.85

0% 0.70 | 0.69 | 0.84 | 0.83 | 0.86 | 0.85
-10% 0.67 | 0.67 | 0.84 | 0.84 | 0.84 | 0.87
-50% 0.36 | 0.37 | 0.84 | 0.84 | 0.86 | 0.86
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The stacked bars break down overhead that can be attributed to checkpointing and, after a
failure, recovery to reload a checkpoint plus recomputation time to catch up with the execution to
the point of failure. Notice that recovery overhead is negligible for all the models except for P1. This
is due to our proactive checkpointing model, where all nodes commit their checkpoint to the PFS
bypassing the BBs unlike regular checkpointing. A mitigated failure by a proactive checkpoint takes
longer to recover, whereas failures unhandled are recovered faster with the assistance of BBs. We
observe that recovery contributes  2.5%-6% of total overhead for P1 compared to less than 1% for
other models.

Observation 3: Both p-ckpt and hybrid p-ckpt can tolerate the impact of prediction lead time
variability better than prior models for large applications.

Figure 2.11 Impact of lead time variability on  p-ckpt and hybrid p-ckpt for applications CHIMERA

Figures 2.11, 2.12 and 2.13 assess the impact of varied prediction lead time on models P1 and
P2 for all the applications (results for S3D, VULCAN, and GYRO omitted as they behave similarly to
POP) with the same x- and y-axes as in Figure 2.6 before. p-ckpt (P1) does not provide any additional
bene ts for recovery and checkpoint overheads like the M1 model (Section 2.5). However, for the
largest application CHIMERA, it produces more recomputation overhead reductions than M2 and
P2 and can tolerate up to a negative 50% change (i.e., reduction) in lead times while still providing
some savings in recomputation relative to the base model due to the prioritization of vulnerable
nodes. In contrast, Model M1 (safeguard checkpoints) does not provide performance bene ts for
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Figure 2.12 Impact of lead time variability on  p-ckpt and hybrid p-ckpt for applications XGC

Figure 2.13 Impact of lead time variability on  p-ckpt and hybrid p-ckpt for applications POP

23



CHIMERA, and M2's bene ts diminish when lead time decreases by 10% relative to the reference.
For XGC, P1 nearly eliminates the entire recomputation overhead regardless of lead time variations.
In contrast, M2's performance bene ts diminish with a 50% reduction in lead time while M1 is not
effective at all.

The overhead reduction pattern for checkpointing in model P2 ( hybrid p-ckpt) with respect to
lead time changes follows model M2 for both CHIMERA and XGC. The pattern for recomputation
overhead follows M2 largely when lead time increases, but follows P1 when the lead time shrinks.
With the support of coordinated prioritized checkpointing ( p-ckpt ), P2 achieves a similar recompu-
tation overhead reduction pattern as model P1 gaining a signi cant advantage over model M2. For
large applications, both models, P1 & P2, not only achieve better recomputation overhead reduc-
tions, but increase their tolerance against prediction lead time variability. Further, because of our
checkpointing model (see Sec. 2.2) in p-ckpt and the recovery process after proactive checkpoints,
reductions in recovery overhead for P2 are not seen for XGC when lead time is less or equal to the
reference. These reductions completely diminish for CHIMERA. Patterns for P1 and P2 for smaller
applications follow M1 and M2, respectively.

Finding: Variability in prediction lead time has a signi cant impact on the performance bene t of
prediction-based C/ R models, and our hybrid p-ckpt model outperforms prior related models under
such circumstances.

Observation 4: p-ckpt is more effective for large applications compared to LM. Higher lead
times favor LM; conversely, when lead times are low, p-ckpt takes over.

Figure 2.14 Difference in LM and p-ckpt FT ratio in P2 model

24



Figure 2.14 demonstrates the difference in FT ratioby LM and  p-ckpt in percent (y-axis) in model
P2 over lead time variation (x-axis) for all the applications. In this experiment, the lead time variation
range was within (-90%, +90%) expanding the earlier range (-50%, +50%). If the percent difference is
positive, then LM is the dominant proactive choice; otherwise,  p-ckpt is more dominant. As can be
seen, for smaller applications, the FT ratio difference between LM and  p-ckpt remains consistently
high (above 75%) across the lead time variation range. Since LM is the preferred choice ahead of p-
ckpt and its FT latency is small enough, it can tolerate the lead time changes for smaller applications.
When application size increases, the FT ratio difference between p-ckpt and LM decreases for the
base lead time (0% change in lead time). That means p-ckpt is more effective for large applications
compared to LM because of its lower FT latency. For larger applications, as lead times decrease, the
dominance of p-ckpt as the proactive choice increases. p-ckpt's dominance over LM is seen earlier
for the largest application like CHIMERA followed by XGC and S3D. As lead time changes become
negative, p-ckpt completely takes over LM before the FT ratio difference reaches zero as lead times
completely diminish.

Observation 5: Under hybrid p-ckpt (P2), checkpoint overhead is reduced by  42%-70% across
applications. In contrast, LM (M2) results in reductions of 34% compared to P2's 42% for the largest
application.

Even though both P1 and P2 yield equal FT ratios (Table 2.4), P2 performs better than P1 in
reducing overhead as LM helps model P2 to reduce checkpoint overhead. There is a negligible
change in time spent in storing checkpoints under model P1 because of the adaptive nature of our
checkpoint model. That means the schedule of checkpoints is variable in our model depending
on the factors such as the time and location of failure prediction, and the proactive action chosen.
For example, the scheduled checkpoint changes due to a p-ckpt triggered by and completed before
a predicted failure. What is more signi cant is the reduced failure rate resulting from the failure
analysis model, which yieldsa 42%-70% decrease in checkpoint overhead in the hybrid p-ckpt
(P2) model. Further, for the largest application, CHIMERA, P2 reduces checkpoint overhead by
42% compared to just a 34% reduction by M2. Even though LM in both M2 and P2 have the same
con guration, the assistance of p-ckpt helps P2 in completing the execution earlier (2% faster than
M2) and thus reducing checkpoint overhead.

Observation 6: In the presence of frequent faults, applications can suffer higher recomputation
overhead with hybrid p-ckpt comparedto p-ckpt.

For all the applications, the recomputation overhead increases under (compare blue bars be-
tween P1 and P2 in Figure 2.10 and Figure 2.15) due to the inclusion of LM and elongated checkpoint
intervals derived from our extended failure analysis model as per Eq. 2.2. The reduced failure rate
increases the optimal checkpoint interval by 54%-340%, which indirectly impacts the compu-
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