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Abstract

Checkpointing is a fundamental mechanism for fault tolerance
in large-scale distributed machine learning (ML) training, but
it can introduce significant overhead due to interactions with
compute and communication phases. Evaluating checkpointing
strategies on production clusters is costly, difficult to reproduce,
and limits the ability to systematically explore alternative designs.
We present CheckWork, a framework that generates checkpoint-
aware Chakra execution traces by augmenting training DAGs with
checkpoint operations. These traces enable realistic simulation of
checkpointing strategies using existing system simulators. Our
evaluation shows that the generated traces reproduce check-
pointing behaviour previously observed on real test-beds and
reported in systems such as CheckFreq and Gemini, capturing
both computational overheads and network-level communication
interference. Using the traces, we also analyse interference
between checkpoint traffic and training communication in multi-
job environments and propose a mechanism to mitigate this effect.

CCS Concepts

• Networks → Network simulations; Data center networks; •
Computing methodologies→ Distributed artificial intelligence;
Distributed algorithms.
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1 Introduction

Modern machine learning (ML) training workloads have grown
dramatically in scale, with frontier models requiring thousands of
GPUs operating continuously for weeks or months to complete a
single training run [4, 15, 17]. As training clusters grow in size and
cost, long-running jobs become increasingly vulnerable to hardware
failures, software faults, and infrastructure interruptions [7, 8]. To
mitigate these risks, distributed training systems periodically save
the state of the training process through checkpointing, which
captures model parameters along with optimiser state.

However, checkpoint operations directly interact with training’s
compute and communication patterns, and poorly designed check-
pointing strategies can introduce significant performance overhead.
Recent work reports that checkpoint saving alone accounts for up
to 8.8% of training time in the evaluated workloads [11].

Prior research proposes a variety of strategies that are typically
evaluated on production GPU clusters, public cloud infrastructure,
or large HPC environments [13, 14, 16, 22, 24]. While such deploy-
ments provide realistic measurements, they also impose practical
limitations: experiments are expensive, difficult to reproduce, and
constrained to a small set of configurations. Moreover, findings
obtained on a particular cluster configuration may not readily
generalise to other environments, since checkpointing overheads
depend strongly on the underlying infrastructure characteristics
such as network capacity and storage systems. As a result, exploring
the broader design space of checkpointing strategies remains
challenging. This motivates the need for a framework that enables
inexpensive experimentation and systematic what-if analysis.

Synthetic workload traces have recently emerged as an al-
ternative to hardware test-beds for studying large-scale ML
systems. Frameworks such as MLSynth [19], STAGE [12], and
SimAI [23] generate traces from high-level model descriptions and
parallelisation strategies, enabling workloads to be replayed in
full-stack simulators. These traces commonly rely on the Chakra
execution trace (ET) format [20], which represents ML workloads
as directed acyclic graphs (DAGs).

Building on this foundation, we introduce CheckWork, an
open-source framework for generating checkpoint-aware execution
traces from high-level configurations. CheckWork augments
the generated Chakra ETs with checkpoint operations while
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preserving the original training dependencies, allowing the traces
to capture a wide range of checkpointing strategies. This facilitates
analysis of checkpoint-related overhead across both compute
and network communication. With CheckWork, researchers
can conduct large-scale design space exploration and what-if
analysis of how checkpointing interacts with parameters such as
parallelisation strategy, topology, scheduling, and model size. To the
best of our knowledge, this is the first system that systematically
produces checkpointing workloads and allows the evaluation of
checkpointing approaches without requiring access to a physical
test-bed. The source code of CheckWork is publicly available at
https://github.com/NetMLSim/checkwork.
Contributions. In this work, we:
• Introduce CheckWork, an open-source framework that gen-
erates checkpoint-aware execution traces for distributed ML
training workloads. The framework augments Chakra ETs with
checkpointing operations while preserving training dependen-
cies, enabling simulation of different checkpointing strategies.

• Validate the realism of the generated traces by reproducing results
of two state-of-the-art checkpointing strategies (CheckFreq [14]
& Gemini [24]), and demonstrating that trace-driven simulation
can accurately capture checkpoint overhead trends observed in
real deployments.

• Demonstrate the value of these traces by showing how they can
enable previously unexplored analyses. In particular, we identify
multi-job scenarios where checkpointing traffic can be prioritised
over workload communication, contrary to prior approaches.

2 Background

2.1 Checkpointing in Distributed ML Training

Checkpointing is a widely used reliability mechanism in distributed
systems, where the state of an application is periodically saved
to persistent storage so that execution can resume from the last
saved state after a failure [3, 22]. In the context of large-scale
machine learning training, a checkpoint typically consists of the
model parameters together with optimiser state and additional
training metadata such as iteration counters, random number
generator state, dataloader position, and scheduler configuration.
These artefacts allow training to resume deterministically without
restarting the entire workload. Checkpointing systems can be
designed along several dimensions:
(1) Synchronous vs. asynchronous. Synchronous checkpointing

pauses training to save state, while asynchronous approaches
overlap checkpointing with computation.

(2) Local vs. remote storage. Checkpoints may be written to fast
local or remote storage, providing stronger fault tolerance.

(3) Full vs. incremental. Systems may store the entire training
state or only the changes since the previous checkpoint.

2.2 Checkpointing Optimizations

Beyond these structural design choices, a significant body of
research has explored mechanisms to reduce overheads associated
with checkpointing and recovery in distributed training systems.
The following approaches show several representative directions.
Overlapping checkpoint I/O with training. Several systems
attempt to reduce checkpoint overhead by decoupling checkpoint
construction from persistence and overlapping these operations

with ongoing training. CheckFreq [14] introduces frequent, fine-
grained checkpointing for deep neural networks by separating
checkpoint creation into a snapshot phase (GPU→CPU copy)
and a persistence phase (CPU→storage write), allowing the latter
to overlap with training execution. DeepFreeze [16] extends this
direction by integrating deep learning checkpointing with an
asynchronous multi-level checkpointing runtime, enabling scalable
checkpointing on large HPC systems. More recently, DataStates-
LLM [13] has proposed “lazy asynchronous” checkpointing that
exploits immutability windows of tensors during training to copy
state in the background while minimizing interference with critical-
path computation.
Reducing checkpoint size. Another line of work focuses on re-
ducing the amount of data written during checkpointing. Check-N-
Run [2] targets large-scale recommendation models and introduces
differential checkpointing combined with quantization, saving only
modified subsets of embeddings to significantly reduce storage
and network bandwidth requirements. IncrCP [10] further refines
incremental checkpointing by using dataflow tracing to track which
embedding vectors are modified during training, enabling the
system to reduce checkpoint construction and persistence overhead.
Leveraging memory hierarchy and replicas. Some systems
exploit faster memory tiers or replicas to reduce checkpoint latency
and improve recovery time. Gemini [24] proposes checkpointing
large-model training state into CPU memory rather than directly
to remote storage, leveraging higher memory bandwidth and intro-
ducing placement and scheduling mechanisms to balance recovery
probability against training network interference. PCcheck [21]
argues that checkpoint systems become bottlenecked by allowing
only a single checkpoint pipeline in flight, and introduces support
for multiple concurrent checkpoints that pipeline GPU→CPU
staging and persistence more effectively.

2.3 Limitations in Evaluation Methodology

A common characteristic of the previously published checkpointing
systems is that their evaluation relies heavily on real hardware
deployments. These include production GPU clusters (Check-N-Run,
ByteCheckpoint), public cloud GPU instances (Gemini, PCcheck),
large HPC systems (DeepFreeze, DataStates-LLM), and multi-node
GPU clusters with parallel file systems (IncrCP, UCP). Such
environments provide highly realistic performance measurements,
but they also impose practical limitations on experimentation.

First, access to such hardware is restricted to a small number
of researchers. Second, the cost and operational complexity of
running large-scale training experiments limit the number of
configurations that can be explored. Finally, experiments on
physical deployments make systematic what-if analysis difficult,
such as studying checkpointing behaviour under different network
topologies, storage placements, or bandwidth constraints.

2.4 Trace-Based Simulation for ML Systems

Synthetic workload traces have emerged as a practical approach
for studying large-scale ML systems without requiring access to
physical training clusters. The Chakra ETs [20] provide a stan-
dardised representation of distributed ML workloads, expressing
operations as a directed acyclic graph (DAG) that can be replayed
in simulation environments. At this level of abstraction, each DAG

https://github.com/NetMLSim/checkwork
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node represents an operation such as compute or communication,
while edges describe dependencies between operations. Compute
nodes can include costs such as FLOPs or runtime estimates,
and communication nodes describe collective operations together
with metadata such as message size. Some recent work leverages
traces collected from real deployments to drive simulation-based
analysis of ML infrastructure. Frameworks such as MLSynth [19]
and STAGE [12] extend this idea by enabling the generation of
synthetic Chakra ETs directly from high-level model parameters
and parallelisation strategies. MLSynth, in particular, generates
one execution trace per distributed worker process, or rank, using
an orchestrator to construct the baseline training operations and
wrappers to extend traces with additional operations without
modifying the core workload description. When coupled with
compatible full-stack simulators such as ASTRA-sim2.0 [25], these
traces allow end-to-end experimentation with ML workloads
while maintaining high fidelity to realistic training behaviour. The
extensible design of these frameworks creates an opportunity to
embed additional system semantics, such as checkpointing, directly
into trace generation, thereby enabling systematic exploration of
checkpointing strategies within simulation.

3 CheckWork: Checkpoint-Aware Trace

Generation Framework

To enable the trace-driven evaluation of checkpointing strategies,
we design CheckWork, a new framework allowing the synthesis of
checkpoint-aware Chakra ETs. The core design idea of CheckWork
is to treat checkpointing operations as part of the execution graph
of a training workload. This approach allows checkpoint activity
to interact naturally with the structure of distributed training
workloads, including synchronization points and communication
phases. A significant advantage of adding such functionality at the
trace generation level is that the rest of the tooling, such as the
underlying simulator or hardware used to replay the workload,
does not require any additional extensions or instrumentation.

The design of CheckWork is guided by the following goals
aimed at enabling practical experimentation with checkpointing
strategies in trace-driven ML workload analysis.
Expressiveness and configurability. The framework must
support a wide range of checkpointing strategies used in distributed
training systems. In practice, checkpoint mechanisms differ in syn-
chronization semantics, persistence location, checkpoint frequency,
checkpoint state size, and other parameters. CheckWork therefore
aims to provide a configurable representation of checkpoint
behaviour, allowing different strategies to be expressed and
evaluated under identical workload conditions.
Compute & communication overhead modelling. Given
that strategies vary in the nature of overhead introduced, it is
important to model both the GPU-side and network-side effects.
Operations such as model state snapshotting and local persistence
are represented as compute overhead, while the transfer of
checkpoint data across workers or to remote storage is modelled as
communication overhead.
Compatibility with existing workflows. Another goal of the
system is to integrate with existing ML infrastructure simulation
workflows. CheckWork adheres to the Chakra ET schema [20],
allowing generated traces to be replayed using existing simulators

that support Chakraworkloads. This ensures that checkpoint-aware
traces can be analysed using the same tools that are already used
to study distributed ML training.
Extensibility and usability. Finally, the framework is designed to
support future checkpointing research and experimentation. The
system is structured to allow new checkpointing strategies to be
added easily without modifying the underlying workload model.

4 Implementation

We implement CheckWork as a trace-generation component that
augments ML workload traces with checkpoint operations. We
designed the current prototype to integrate with the MLSynth
workload generator [19], which produces Chakra ETs from high-
level model and parallelisation descriptions.

The resulting traces preserve the original training depen-
dencies while incorporating additional nodes that model check-
point behaviour. Because checkpointing is introduced entirely at
trace generation time, the framework remains simulator-agnostic
and compatible with Chakra-based simulators such as ASTRA-
sim2.0 [25], Multiverse [6], and Mystique [9]. Figure 1 illustrates the
resulting workflow.

MLSynth

CheckWork

ASTRA-sim 2.0

Network
Backend

ns-3

Analytical
Engine

Workload 
Configuration

Checkpointing
Configuration

Chakra ETs System
Configuration

Network
Configuration

Network
Metrics

Compute
Metrics

Synthetic ET Generation Phase Workload Simulation Phase

Figure 1: End-to-end pipeline for checkpoint-aware ML

workload simulation. CheckWork generates synthetic

Chakra traces augmented with checkpoint operations using

MLSynth, which are simulated in ASTRA-sim2.0 to analyse

checkpointing overhead.

CheckWork captures checkpointing at Chakra node granularity,
so low-level effects such as tensor-level pipelining, pinned memory,
RDMA, storage variability, and software-stack overheads are
approximated through calibrated parameters rather than modelled
as first-class resources.

4.1 Checkpoint Node Injection

During trace synthesis, the MLSynth orchestrator invokes the
wrapper after the completion of each training iteration. Specifically,
checkpoint operations are inserted after the backward pass and
the data parallel synchronization step, in order to ensure that
all workers have reached a consistent state before checkpointing
begins. The wrapper then generates additional Chakra nodes
representing checkpoint activity and appends them to the execution
trace of each worker, or rank. Checkpoint operations reuse existing
Chakra node types [20]. Local checkpointing is represented using
compute-style nodes that model snapshot and persistence overhead,
while remote checkpointing introduces communication nodes such
as send and receive operations. Dependencies are added so that
checkpoint operations interact correctly with the training workload
and influence the execution critical path during simulation.
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Table 1: Configuration parameters controlling checkpoint

behaviour in CheckWork.

Parameter Description

mode Checkpoint strategy: sync, async,
remote_sync, or remote_async.

checkpoint_every_n Checkpoint frequency in iterations.
state_multiplier Multiplier used to approximate full

training state size (model + optimiser).
overhead_multiplier Scales per-stage checkpoint compute

cost and duration.
kickoff_micros Duration of the checkpoint kickoff

node (𝜇s) in async and remote modes.
max_inflight Cap on concurrent background writes;

1 serialises, 0 disables the cap.
remote_target In remote modes, destination: ring,

rank0, or storage.
snapshot_multiplier
/ snapshot_micros

Snapshot cost scale (bytes × multiplier)
and optional duration override (𝜇s).

persist_multiplier
/ persist_micros

Persist cost scale (bytes × multiplier)
and optional duration override (𝜇s).

We estimate the per-rank checkpoint volume from the size of
the model state. Let 𝑃 denote the total number of model parameters,
𝑏 the number of bytes per parameter, and (𝑡, 𝑝) the tensor- and
pipeline-parallelism degrees. The per-rank checkpoint volume is

𝑉 =
𝑃

𝑡 𝑝
𝑏 𝛼 𝑠, (1)

where 𝛼 is the configurable state_multiplier, which can be
set to account for additional checkpointed training state such as
optimizer state, gradients, and metadata, and 𝑠 is the MLSynth
workload scaling factor used to scale the synthetic model size.
Equation (1) estimates per-rank checkpoint volume in bytes and is
used by CheckWork by default. The simulator derives the resulting
training behavior based on the workload generated by CheckWork
and network configurations including bandwidth and topology. In
case the user prefers to use an alternative volume derivation model,
the tool also allows overriding the default equation.

4.2 Configurability

Checkpoint behaviour in CheckWork is expressed through a
configurable set of strategies that determine how and when
checkpoint operations are executed during training. We summarize
these parameters in Table 1. Rather than defining a fixed set of
checkpoint implementations, we design this framework to expose
a set of parameters that allow different strategies to be composed
at trace generation time.

Synchronous vs. Asynchronous checkpointing. Synchro-
nization semantics are expressed through dependencies in the exe-
cution trace. Synchronous configurations block the next iteration
until checkpoint completion, while asynchronous configurations
allow persistence operations to execute in the background. Figure 2
illustrates the differences in the produced traces for each mode.

Local vs. Remote checkpointing. Local checkpointing is
represented using compute-style nodes that model the cost of
writing checkpoint data to local storage. Remote checkpointing
introduces additional communication nodes that transfer check-
point state across the network, either through ring-based exchanges
between workers or gather-style transfers to a designated rank or a
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Figure 2: Chakra DAG representation of critical-path impact

of synchronous and asynchronous checkpoint placement.

storage persistence location, which is modelled as a virtual rank for
simulator compatibility. These communication nodes use the same
state-size model used for local checkpoints and are inserted into
the Chakra ETs with appropriate dependencies to capture network
overhead and interaction with training communication.

5 Evaluation

We evaluate CheckWork by reproducing results from prior
checkpointing systems that were originally evaluated on real GPU
test-beds. Specifically, Sections 5.1 and 5.2 demonstrate that the
generated traces can faithfully model both GPU-side checkpoint
overhead (CheckFreq [14]) and network-level interactions between
training communication and checkpoint traffic (Gemini [24]).

5.1 Modelling Computational Overhead

To evaluate whether CheckWork can faithfully reproduce check-
pointing behaviour observed in real systems, we model the
checkpointing strategy proposed in CheckFreq [14]. CheckFreq
reduces checkpointing overhead by performing a lightweight
in-memory snapshot on the critical path while persisting the
checkpoint to storage asynchronously in the background. As
a result, only the snapshot operation delays the next training
iteration, while the persistence phase is overlappedwith subsequent
computation.
Experiment Setup.We replicate the experimental configuration
used in the CheckFreq evaluation on BERT training. The workload
uses a BERT-like transformer model with 24 layers, hidden size
1024, and sequence length 512. Training runs for 200 iterations
using data parallelism across 8 GPUs. We configure the workload
using the checkpoint frequency reported in the original study and
replicate the corresponding checkpoint size. All simulations are
executed using the ASTRA-sim2.0 analytical engine [25], which
estimates communication and checkpoint-transfer timing from the
configured network topology and bandwidth rather than through
packet-level simulation.
Workload Configuration. To mirror the evaluation presented in
Figure 7 of the CheckFreq paper, we compare the checkpointing
overhead relative to a baseline run without checkpointing. Specifi-
cally, we evaluate two configurations: (i) synchronous checkpointing,
where both snapshot and persistence operations are on the
critical path, and (ii) CheckFreq-style checkpointing, where only the
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snapshot operation appears on the critical path while persistence
executes in the background.
Results. Figure 3 compares the overhead reported in the CheckFreq
paper with the results obtained using CheckWork. As expected,
synchronous checkpointing introduces substantial slowdown
due to blocking persistence operations, while the CheckFreq
strategy reduces the overhead to only a small percentage of the
baseline runtime. In our simulation, synchronous checkpointing
results in approximately 71.2% overhead, while CheckFreq-style
checkpointing incurs only 2.7% overhead. These results closely
match the behaviour reported in the original study, where
synchronous checkpointing introduces substantial slowdown while
CheckFreq reduces overhead to only a few percent of the baseline
runtime. Since the original evaluation was conducted on a real GPU
test-bed (an 8-GPU DGX-1 system with NVIDIA V100 GPUs), this
correspondence indicates that CheckWork can faithfully model
GPU-side checkpointing overhead using generated ETs.

Synchronous CheckFreq
0
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Checkpoint strategy
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nt
im

e
ov
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ad
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)

Real test-bed CheckWork

Figure 3: CheckWork successfully replicates the runtime

overhead for BERT reported by CheckFreq [14].

Robustness study. In order to extend the existing evaluation of
CheckFreq and validate the robustness of the qualitative results
obtained via CheckWork, we also run a robustness study. As part
of this, we simulate the same experiment at various checkpoint
frequencies and sizes, and record the corresponding results for
validation. Our conclusion holds true for various checkpoint
frequencies and sizes, as expected from the CheckFreq paper.
Figure 4 compares the full frequency/size sweep for CheckFreq
and synchronous checkpointing, showing that CheckFreq performs
better across all tested pairs in our experiment.
Cost Analysis. Thanks to trace-enabled analysis, the whole sweep
ran in under 5 minutes on an Apple M5 laptop using the ASTRA-
sim2.0 Analytical Engine, with peak observed memory usage of
1.5 GiB.

5.2 Modelling Network Interference

To further validate the ability of CheckWork to model checkpoint-
ing behaviour in distributed training environments, we replicate
the checkpoint prioritisation mechanism proposed in Gemini [24].
Gemini addresses the problem of interference between training
communication and checkpoint transfers when checkpoints are
written to remote storage. The key idea is to prioritise training-
related network communication over checkpoint traffic so that
checkpoint transfers execute in the background without delaying
critical training operations.
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Figure 4: BERT runtime overhead under varying checkpoint

sizes and cadences. CheckFreq consistently incurs lower

overhead than synchronous checkpointing, especially for

frequent checkpoints and larger checkpoint volumes.

Experiment Setup.We reproduce the distributed training configu-
ration used in the Gemini evaluation. The workload simulates large-
scale training across 32 GPUs arranged in an oversubscribed three-
tier fat-tree topology, using 3D parallelism (tp=4, pp=2, dp=4) with
a 1F1B pipeline schedule. Tensor-parallel communication occurs
within a node using a scale-up interconnect (e.g., NVLink), while
other communication occurs across the network. Checkpointing is
performed asynchronously, generating background network traffic
that competes with training communication. All simulations are
executed using the ASTRA-sim2.0 ns-3 network backend [25]. We
model prioritisation by placing training and checkpoint traffic in
separate traffic classes, with checkpoint transfers assigned lower
priority on shared links.
Workload Configurations. To mirror the evaluation presented
in Figure 7 of the Gemini paper, we compare iteration time under
two configurations: (i) a baseline run without checkpointing, and
(ii) asynchronous checkpointing with Gemini-style prioritisation,
where training communication is given higher network priority
than checkpoint transfers.
Results. Figure 5 compares iteration time for the baseline and
Gemini-style prioritisation. With asynchronous checkpointing
and prioritised training traffic, iteration time increases only from
32.12 s to 32.13 s, corresponding to a negligible slowdown of
0.03%. This closely matches Gemini’s finding that prioritising
training traffic prevents checkpoint transfers from affecting training
throughput [24]. The agreement with results from Gemini’s large-
scale AWS GPU evaluation shows that CheckWork can capture
network-level interference between checkpoint and training traffic
in distributed training.

6 CheckWork Enables Further Analysis

We now use the generated ETs to support analyses that are difficult
to run on physical test-beds, beyond just reproducing existing
results. As an example, we focus on a claim in the Gemini paper [24]
which argues that workload traffic should generally be prioritised
over checkpointing traffic in single-job settings. CheckWork lets
us test whether this insight extends to multi-job scenarios.
Observation. In large GPU clusters, multiple training jobs
frequently share the same network fabric [8, 18]. In such multi-
tenant environments, communication traffic from different jobs can
interact in complex ways and lead to performance interference [1,
5, 26]. Using CheckWork, we analyse the execution traces of
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Figure 5: CheckWork enables simulating Gemini [24] strategy

without requiring large-scale AWS clusters. Gemini-style prioritisa-

tion introduces a negligible overhead of 0.01 s per iteration (≈ 0.03%).

distributed training workloads and identify cases where commu-
nication phases across GPUs offer opportunities for optimisation.
In particular, the nature of the pipeline scheduling results in some
pipeline stages completing sooner than others in the drain stage.
This means the final data parallel communication for these pipeline
stages has communication slack, during which delaying a GPU’s
communication does not affect the overall iteration completion
time. Figure 6 illustrates a simplified example with two jobs sharing
the same network. Checkpoint transfers from one job can conflict
with communication phases from another job, potentially causing
interference. However, when communication slack exists, certain
network transfers can be delayed or de-prioritised without affecting
the critical path of the workload.
Implications. Gemini shows that prioritising training communica-
tion over checkpoint traffic effectively eliminates interference from
asynchronous checkpoint transfers [24]. Our analysis suggests that
the presence of communication slack opens additional opportunities
for scheduling flexibility. In multi-job environments, checkpoint
transfers could be scheduled more aggressively while selectively
delaying non-critical communication phases from other jobs that
fall within slack intervals. Such policies could reduce checkpointing
time while preserving overall training throughput.
Experiment. To test our scheduling hypothesis, we use Check-
Work to generate traces for two Transformer training jobs using
synchronous remote checkpointing. Job 2 is configured to be 90%
the size of Job 1, in order to recreate the exact scenario illustrated in
Figure 6. We simulate the resulting traces using the ASTRA-sim2.0
ns-3 simulation engine on 32 GPUs configured as an oversubscribed

Figure 6: In multi-job settings, checkpoint traffic can

interfere with other jobs’ training communication.
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Figure 7: Prioritising checkpointing traffic reduces Job 2

iteration time without affecting Job 1, since checkpointing is

prioritised over non-critical data-parallel communication.

three-tier fat-tree topology, such that traffic from the two jobs
contends for shared network resources. The jobs are co-located
within the same pod, with each job assigned 16 GPUs.
Results. Figure 7 reports the resulting iteration completion times,
including checkpointing time. Prioritising checkpointing traffic
reduces Job 2 iteration time by 9.1%, without affecting Job 1.We note
that this improvement is specific to iterations where checkpoint
traffic overlaps with non-critical data-parallel communication from
another job. This result shows that checkpoint traffic can be
prioritised over non-critical data-parallel communication when
the latter is not on the critical path, contrasting with prior work,
such as Gemini’s approach [24]. More broadly, this shows how
CheckWork enables trace-driven what-if analysis of checkpoint
scheduling policies in multi-job training environments.

7 Conclusion

We presented CheckWork, a framework for generating checkpoint-
aware execution traces for distributed ML training workloads.
By augmenting Chakra ETs with checkpointing operations while
preserving the original training dependencies, CheckWork enables
checkpointing strategies to be expressed directly within workload
traces and evaluated using existing ML system simulators. We be-
lieve CheckWork provides the missing piece to better understand
the implications of checkpointing on the training job in unexplored
scenarios, such as different topologies, various parallelisation
strategies, and multi-job settings. We plan to extend CheckWork
to (i) support additional checkpointing mechanisms and storage
systems; (ii) integrate richer network and failure models for large-
scale training clusters; and (iii) explore adaptive and network-aware
checkpoint scheduling policies.
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