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Abstract—Modern AI training workloads have become a lead-
ing contributor to energy consumption in HPC infrastructures.
Yet this consumption is treated as a monolithic block, attributed
to execution alone. The training lifecycle includes preparation
and post-execution stages, and execution itself comprises multiple
phases whose energy consumption varies with the task, model,
dataset, and infrastructure-related factors. This work closes this
gap by characterizing energy consumption across the entire AI
training lifecycle in HPC infrastructures, following a fine-grained
approach that attributes energy to individual phases and events,
rather than to training as a whole. We apply this methodology
on a production supercomputer, assessing preparation and post-
execution using distinct datasets and models, and characterizing
execution over workloads with distinct resource requirements,
namely the I/O-intensive ResNet-50 and the GPU-bound Qwen3-
8B. We draw several lessons to help HPC users accurately
attribute energy consumption across their workloads and make
their training pipelines more energy-efficient.

Index Terms—energy-efficiency, AI training, sustainable HPC.

I. INTRODUCTION

The rapid growth in the size and complexity of modern AI
workloads has made training large-scale models a routine,
resource-intensive activity on HPC supercomputers. As these
continue to grow, so does the associated energy footprint,
raising concerns not only about operational costs but also the
environmental sustainability of AI development [3, 38].
Challenges. The lifecycle of AI training, however, is longer
and more complex than the execution of a single training
script. Before execution, a preparation stage takes place, in
which users acquire their model and dataset, typically from
external repositories (e.g., Kaggle, HuggingFace, GitHub),
incurring network, CPU, and storage costs. Execution itself
is not a single, homogeneous stage either, but a sequence of
phases repeated at each training iteration: data samples are
loaded from persistent storage, either node-local or a parallel
file system (e.g., Lustre), moved from host memory to the
GPU memory, and processed through forward and backward
passes, gradient synchronization, and weight update, with
periodic validation and checkpointing [23, 24]. Finally, upon
completion, the resulting model is transferred outside the HPC

*Equal contribution.

facility for deployment and inference. Each of these stages
and phases stresses different hardware resources and exhibits
distinct energy behaviors [20]. Prior work [11, 14, 19, 21, 29,
30, 33, 37], however, has largely reported energy consumption
at the granularity of an entire training run, remaining agnostic
to how much each stage or phase individually contributes to
execution time and energy consumption. Without this visibil-
ity, it is challenging to identify where energy is being spent,
and, consequently, to design targeted strategies for reducing
training energy consumption in HPC environments.

This work. We present a characterization study of energy
consumption across the complete AI training lifecycle in HPC
infrastructures, spanning preparation, execution, and post-
execution stages. Unlike prior work, we instrument the training
pipeline at the level of individual events using a custom-
built monitoring tool that collects fine-grained, software-based
CPU and GPU energy measurements and correlates them with
event-level traces that mark the boundaries of each phase.
This correlation enables us to attribute energy consumption to
specific phases and events, which in turn allows us to evaluate
how factors such as data placement (parallel file system vs.
node-local storage) and checkpointing affect this breakdown.
We apply this methodology across the full training lifecycle:
the preparation and post-execution stages are evaluated over
7 datasets and 5 models spanning several orders of magnitude
in size (datasets range from 486 MB to 584 GB, and models
range from 410 MB and 51.6 GB), while the execution stage
is evaluated on two workloads with distinct resource profiles,
ResNet-50, an I/O-bound convolutional neural network, and
Qwen3-8B, a GPU-bound large language model. To the best
of our knowledge, this is the first study to quantify the energy
cost of individual phases across the entire AI training lifecycle
in an HPC setting, rather than isolating execution alone.

Experimental results and takeaways. Our characterization
study uncovers several findings. First, no single phase dom-
inates energy consumption across workloads; for instance,
ResNet-50 distributes energy across both CPU- and GPU-
bound phases, while Qwen3-8B concentrates it almost entirely
in GPU computation. Second, execution time is not a reliable
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Fig. 1: Typical lifecycle of AI training in modern HPC infrastructures.

proxy for energy consumption, as phases of comparable du-
ration can incur substantially different energy costs. Further,
data placement and checkpointing similarly affect energy in
workload-dependent ways: local storage benefits I/O-sensitive
workloads far more than compute-bound ones, and checkpoint-
ing cost depends less on the volume of persisted state than on
whether it is exposed by, or overshadowed by, the workload’s
dominant phase. Finally, we show that preparation and post-
execution costs, though individually modest, are incurred re-
peatedly and redundantly at the scale of shared HPC systems,
representing a source of avoidable energy consumption.
Contributions. This paper makes the following contributions:

• A principled approach to characterize energy consump-
tion of the AI training lifecycle in modern HPC in-
frastructures, spanning preparation, execution, and post-
execution stages.

• An in-depth analysis of the energy consumption and
execution time of the distinct phases of the training
pipeline over I/O-bound and GPU-bound models.

• A set of empirical findings and takeaways on the
workload- and infrastructure-dependent nature of AI
training energy consumption, intended to guide HPC
users toward more energy-efficient training practices.

II. TRAINING LIFECYCLE IN HPC

This section characterizes the AI training lifecycle in HPC in-
frastructures, comprising three sequential stages: preparation,
execution, and post-execution, as depicted in Fig. 1. In this
study, we adopt a simplified view of the pipeline, focusing on
the most common phases and those that dominate GPU and
CPU utilization and, consequently, power draw [11, 33, 37].

A. Preparation stage

Before training can proceed, users must first prepare the
experimental setup, conducted in two main steps.
Dataset acquisition. Depending on the target task (e.g., image
classification, natural language processing), datasets range
from a few MBs to several GBs, or even TBs, in size [22,
31]. Datasets are typically transferred via tools such as curl,
wget, and scp, executed on the CPU of a login node, with the
retrieved data stored directly on the shared parallel file system
(e.g., Lustre). The performance of this step is generally limited
by the external network link or by rate limiting imposed at the
data source, rather than by local compute or storage resources.

Model acquisition. Analogously to dataset acquisition, users
must fetch a model prior to training, typically from a public
model repository. Model size scales with the number of
parameters and ranges from a few MBs to several GBs. This
step is also network-bound and is performed on the login node.

During this stage, additional steps may occur, such as compi-
lation, decompression, and code preparation. However, since
these are highly user- and task-dependent, we defer their
characterization to future work.

B. Execution stage

Once the preparation stage is complete, execution proceeds on
the allocated compute nodes. The training pipeline spans GPU,
CPU, memory, storage, and network resources, and comprises
the following phases within each iteration.
Data transfer. Prior to training, the dataset may be transferred
from the shared parallel file system (PFS) to the compute
node’s local storage to accelerate data access and reduce I/O
variability during training [6] (➀).
Data loading. Training samples are read from persistent
storage (local or PFS) into host memory [24] (➊). This
step is typically implemented asynchronously: while the GPU
processes the current batch, the next batch is prefetched from
storage, overlapping data fetching with GPU computation.
However, when storage access is slower than computation,
the GPU stalls until the batch becomes available, making data
loading synchronous during this period.
Memory transfer. Loaded samples are organized into batches
and transferred from host memory to GPU memory [24] (➋).
GPU computation. The core training computation executes on
the GPU and comprises three phases: a forward pass, which
propagates inputs through the model to produce predictions
and compute the loss; a backward pass, which computes gra-
dients with respect to model parameters via backpropagation;
and an optimizer step (e.g., SGD, Adam), which updates model
parameters using the computed gradients [20, 23] (➌).
Synchronization. In multi-GPU and distributed training,
workers must synchronize before training can proceed, in-
troducing inter-device dependencies (➍). The specific com-
munication pattern and the data exchanged depend on the
parallelization strategy employed [11, 37].
Checkpointing. To enable fault tolerance and recovery, the
model is periodically checkpointed, persisting its training



state (e.g., model parameters, optimizer state) to durable
storage [23], either remote or local (➎).
Validation. Periodically, the model is evaluated on a held-out
dataset, consisting of data loading and forward passes [20].

C. Post-execution stage

Upon successful completion of training, the resulting model,
along with associated artifacts such as logs and training
statistics, is collected. The model is typically transferred
outside the HPC facility (e.g., to an external organization) for
deployment and inference.1 As with model acquisition, this
transfer operates at the CPU and is network-bound.

III. METHODOLOGY

This section describes the methodology used to characterize
the energy consumption of the training lifecycle in HPC.
Hardware and OS configurations. Experiments were con-
ducted on the Deucalion supercomputer [25], on a server
equipped with 2× 64-core AMD EPYC processors, 4×
NVIDIA A100 80GB GPUs, 512 GiB of memory, and a
500 GiB SATA SSD, connected to a shared Lustre file system
via a 200 Gb/s interconnect. The system runs Rocky Linux
8.5 with PyTorch 2.6.0, CUDA 11.8, and NCCL 2.21.5.
Training models and datasets. To assess energy consumption
across different phases of the training lifecycle, we conducted
experiments using distinct models and datasets tailored to
each part of the evaluation. Specifically, we used five mod-
els spanning different parameter count ranges: ResNet-50
(M1, 25.6M) [12], ELECTRA (M2, 110M) [4], TRELLIS
(M3, 1.1B) [34], Qwen3 (M4, 8B) [36], and Gemma (M5,
27B) [10]. For datasets, we used hd tmp (D1, 486 MB) [1],
WikiText (D2, 644 MB) [32], the arXiv Dataset (D3, 2.06
GB) [5], Documentation Images (D4, 6.51 GB) [15], ImageNet
(D5, 167 GB) [8], KakologArchives (D6, 225 GB) [17], and
Banned Historical Archives (D7, 549 GB) [2].
Training configurations. To assess energy consumption of the
execution stage, we trained ResNet-50 on the ImageNet dataset
and Qwen3-8B on the WikiText dataset, given their I/O-bound
and GPU-bound nature, respectively. ResNet-50 was trained
using Distributed Data Parallel, optimized with SGD, with
a global batch size of 256 split across the GPUs, in FP32.
In contrast, Qwen3-8B was trained using Fully Sharded Data
Parallel, sharding model parameters, gradients, and optimizer
state across GPUs; it used the AdamW optimizer with a per-
rank batch size of 8, in BF16. All experiments were conducted
for 5 epochs and repeated over 3 runs; when applicable, each
epoch was followed by a checkpoint.
Metric collection. We developed a custom energy monitor-
ing tool that collects and attributes CPU and GPU energy
consumption to the training lifecycle. CPU energy is derived
from Intel’s RAPL [7] Model-Specific Register (MSR) read-
ings, combined with the busy clock cycles of the processes
involved in training, obtained via perf_event_open. GPU

1While model serving is becoming an emerging workload in HPC facilities,
we defer its energy characterization to future work.
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Fig. 2: Energy consumption (joules) and execution time (in
minutes) of the dataset acquisition step.
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Fig. 3: Energy consumption (joules) and execution time (in
minutes) of the model acquisition step.

energy is collected via NVML [28], which exposes per-device
power and utilization measurements. To minimize monitoring
overhead, metrics are sampled at 50 ms intervals for CPU and
GPU. Collected metrics are correlated offline with training
events via a logging and tagging mechanism, enabling energy
consumption to be attributed to specific training phases.

We focus on software-based measurement tools to obtain a
granular view of energy consumption throughout training. As
these tools monitor specific components rather than the full
system, they underreport total energy consumption; however,
they preserve the same curves and tendencies at a lower global
energy scale, and remain more broadly accessible across HPC
systems [9, 16, 18]. Our methodology remains generalizable
and stands to directly benefit from future improvements in the
accuracy of software-based energy measurement.
Instrumentation. Energy metrics reported in isolation from
the training behavior provide limited insight into the energy
consumption patterns of modern workloads. As such, we
instrument all training scripts with OpenTelemetry2 to mark
the main pipeline stages, namely data loading, memory copy,
forward and backward passes, and weight update, for both
training and validation. Moreover, to expose internal PyTorch
operations, including asynchronous data prefetching and inter-
GPU synchronization, we instrument PyTorch directly.

IV. EXPERIMENTAL EVALUATION

Our evaluation aims at answering the following questions:
• How does each individual stage of the training lifecycle

contribute to overall energy consumption (§IV-A-§IV-C)?
• How do execution time and energy consumption differ

across workloads with distinct resource profiles (§IV-B)?

2https://opentelemetry.io/

https://opentelemetry.io/
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Fig. 4: Overall, training-only, and validation-only per-phase
energy consumption and execution time under ResNet-50.

• How do data placement and checkpointing affect training
time and energy consumption (§IV-B)?

A. Preparation phase

We begin by characterizing the energy consumption and
execution time of dataset and model acquisition.
Dataset acquisition. We measure the time and energy con-
sumption of transferring the datasets described in §III from
their respective repositories (i.e., HuggingFace, Kaggle) to the
shared PFS, depicted in Fig. 2. Results show that both energy
consumption and execution time proportionally increase with
dataset size, from 23 J and 0.96 min for D1 to 32 kJ and
972 min for D7. As dataset acquisition is network-bound
rather than compute-bound, this increase is driven primarily by
longer transfer times rather than higher computational activity.
Model acquisition. Similar to dataset acquisition, download-
ing a model from its repository to the shared PFS is a network-
bound operation executed on the login node’s CPU. Fig. 3
depicts the energy consumption and execution time of model
download across model sizes. Costs range from 28 J and
0.59 min for M1 (25.6M parameters) to 4.9 kJ and ≈75 min
for M5 (27B parameters), showing that both metrics increase
in a near-linear relationship with model size, rather than model
architecture or complexity.

Takeaway. While the preparation stage consumes compara-
tively little energy relative to other stages of the training
lifecycle, it accounts for a disproportionately high share
of execution time. This cost is negligible in isolation, but
in shared, large HPC systems, the same datasets and
models are frequently downloaded by hundreds of users.
At this scale, energy that appears negligible per download
accumulates into substantial, avoidable costs, highlighting
opportunities for optimization.

B. Execution stage

We now evaluate the execution stage under four configurations,
combining two storage placements (PFS and local storage)
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Fig. 5: Overall, training-only, and validation-only per-phase
energy consumption and execution time under Qwen3-8B.

with and without checkpointing, to isolate the effects of
data placement and fault tolerance on runtime and energy.
Figs. 4 and 5 report the overall, training, and validation energy
consumption and execution time, broken down per phase, for
ResNet-50 and Qwen3-8B, respectively, while Table I reports
the corresponding CPU-GPU energy consumption proportion.
Dataset transfer from PFS to local disk. Copying the dataset
from Lustre to the local disk is a common strategy to accelerate
training and reduce performance variability [6]. However, the
performance and energy gains achieved during local training,
compared to Lustre, may be offset by the one-time cost of the
dataset copy itself, as observed in Fig. 4, overall vs. training.
This trade-off depends heavily on dataset size (D5 vs. D2),
on the workload’s resource profile (I/O-bound vs. compute-
bound), and on execution length (e.g., number of epochs).

Takeaway. The cost of dataset copying should be assessed
not only by dataset size but also by execution volume (i.e.,
number of epochs) and overall execution duration.

Overall analysis. As shown in Figs. 4 and 5, although the
two workloads exhibit different resource bottlenecks and phase
compositions, both are dominated by training (center), with
validation (right) contributing only a small fraction of total en-
ergy and execution time. ResNet-50 exhibits a heterogeneous
execution profile, in which both CPU (16% on average) and
GPU (84% on average) contribute to overall energy consump-
tion, with the backward pass being the largest contributor.
Qwen3-8B, in contrast, being compute-heavy, concentrates
most of its execution time and energy consumption in the GPU
computation phases (forward pass, backward pass, weight
update) and inter-device synchronization.

Results further show that execution time alone is not a
reliable proxy for energy consumption. For ResNet-50, dataset
copying and data loading account for a non-negligible share of
execution time (≈39% and ≈7%, respectively) but a dispro-
portionately smaller share of energy consumption. This stems
from both phases being CPU-exclusive, with the GPUs idle



TABLE I: Energy split between CPU and GPU, with (ckp)
and without checkpointing over Qwen3-8B and ResNet-50.

Qwen3-8B ResNet-50
CPU GPU CPU GPU

Lustre 7.8% 92.2% 16% 84%
Lustre (ckpt) 7.1% 92.9% 20.5% 79.5%

Local 7.3% 92.7% 12.2% 87.8%
Local (ckpt) 8.4% 91.6% 15.4% 84.6%

throughout their execution, combined with the CPU’s lower
power draw relative to the GPU. For Qwen3-8B, time and
energy distributions are more closely aligned, as most of its
execution time and power draw occur on the GPU.

Takeaway. No single phase dominates energy consumption
across workloads, and execution time alone is not a reliable
proxy for energy consumption, as phases of comparable
duration can incur different energy costs. This emphasizes
the need for phase-level, rather than workload-level energy
attribution to correctly identify optimization targets.

Lustre vs. local disk. Data placement affects the two work-
loads differently. For ResNet-50, local storage reduces data
loading time (and energy) in both training (-17 min, -88 kJ)
and validation (-5 min, -4 kJ), due to its lower latency and
variability compared to the remote PFS, resulting in fewer
I/O stalls [6, 24]. Table I shows a corresponding decrease
in CPU energy share and an increase in GPU when moving
from Lustre to local storage, suggesting that the GPU remains
more consistently active throughout training. For Qwen3-8B,
execution time and energy are similar across placements, since
the dataset (WikiText, 644 MB) fits entirely in GPU memory
once read from persistent storage, and computation remains
the dominant bottleneck regardless of storage backend.

Takeaway. Local storage placement improves execution time
and energy consumption for I/O-sensitive workloads, but
yields limited benefit for compute-bound workloads.

Checkpoint enabled vs. disabled. Checkpointing also af-
fects the two workloads differently, primarily driven by data
placement. For ResNet-50, enabling checkpointing over Lustre
noticeably increases both execution time and energy consump-
tion, but has minimal impact over local storage; this difference
is caused by the additional latency and variability of PFS
accesses. Counter-intuitively, despite Qwen3-8B’s checkpoint
volume being substantially larger than ResNet-50’s, given its
considerably larger parameter and optimizer state, its time and
energy impact remains minimal, as execution continues to be
dominated by GPU computation.

Takeaway. Checkpointing cost is not simply a function of
the volume of state being persisted, but of how that cost

compares to a workload’s dominant phases: for GPU-bound
workloads, even a large checkpoint is overshadowed by
computation, whereas for I/O-intensive workloads, its cost
is more exposed when writing directly to the PFS.

C. Post-execution stage

Model upload. Model upload follows a process analogous to
model acquisition (§IV-A), transferring the trained model to a
remote host outside the HPC facility rather than downloading
it. From a computational perspective, both operations are
equivalent: the transfer remains network-bound and executes
on the login node’s CPU, regardless of direction. We draw
conclusions similar to those in model acquisition and omit a
dedicated discussion here.

Takeaway. As the energy cost of model upload is incurred
after training, it is typically excluded from reported energy
figures for the training lifecycle.

V. RELATED WORK

We now discuss prior work and position this study in context.
Measuring and reporting energy. MLPerf Power [33] aims
to standardize how ML energy efficiency is tested and re-
ported across heterogeneous scales. AIMeter [14] measures
and visualizes energy consumption, carbon emissions, and
hardware metrics in AI workloads. FECoM [30] measures
energy consumed by TensorFlow APIs, accounting for execu-
tion duration, computational load, and thermal effects. These
tools target general workload monitoring or API profiling,
remaining agnostic to the distinct training stages and phases.
Characterizing training energy. McDonald et al. [21] study
LLM training and inference across HPC platforms, proposing
measurement techniques and tunable hardware and datacenter
settings to reduce energy consumption. Go et al. [11] charac-
terize how parallelism strategies interact with hardware power,
utilization, and thermal behavior across platforms. Zhang et
al. [37] relate parallelism configuration and GPU frequency
scaling to performance, power, and energy. Latif et al. [19]
measure the instantaneous node-level power draw of an 8×
GPU H100 compute node during ResNet and Llama-2-13B
training, reporting peak power and the effect of batch size
on total training energy. Patel et al. [29] characterize power
consumption patterns of LLM training and inference work-
loads in cloud datacenters to inform power oversubscription
strategies, focusing on cluster-level power management. These
works treat training as a single unit of analysis, rather than
decomposing it into individual pipeline events.
Positioning. Unlike prior work, which profiles training as
a monolithic phase, we characterize energy across the full
AI training lifecycle, namely preparation (§IV-A), execution
(§IV-B), and post-execution (§IV-C). Within execution, to the
best of our knowledge, this is the first work to characterize the
execution time and energy consumption of individual phases
(§IV-B), rather than treating execution as a single unit of
analysis, allowing us to identify energy consumption patterns
and assess whether they generalize across workloads.



VI. CONCLUSION

We presented a characterization of the AI training lifecycle
in HPC infrastructures, covering the preparation, execution,
and post-execution stages, and, within execution, providing
a granular breakdown of energy consumption and execution
time for each individual phase. This granularity enables HPC
users and practitioners to attribute energy consumption to its
actual source within their training pipelines, and to quantify
the impact of subsequent optimizations. Our results show
that energy consumption is highly workload-dependent, that
no single phase or optimization dominates across workloads,
and that even seemingly minor stages, such as dataset and
model transfers, can add up to a high, avoidable cost at
the scale of shared HPC infrastructures. These findings not
only demonstrate the need for workload- and phase-aware
energy optimizations in HPC but also for sustainable, energy-
conscious practices in AI development and use.
Future work. We plan to extend this characterization study
to a broader range of models (i.e., LLama, GPT, OPT) and
parallelization strategies (i.e., pipeline parallelism, mixture-
of-experts), to assess how our findings generalize beyond
the workloads studied in this paper. Another interesting ex-
ploration avenue is to consider additional HPC platforms
with different storage, network, and accelerator configurations,
given the infrastructure-dependent nature of some steps in the
training lifecycle. Extending the lifecycle to include model
serving as an additional stage would provide a more complete
picture of AI’s end-to-end energy footprint, given its relevance
in modern computing infrastructures [13, 35]. Finally, we
plan to characterize distributed training, where inter-node
communication introduces additional, currently unmeasured
energy costs beyond the single-node synchronization, as well
as include other phases within training, such as data prepro-
cessing [26, 27].
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Appendix: Artifact Description
Artifact Description (AD)

I. OVERVIEW OF CONTRIBUTIONS AND ARTIFACTS

A. Paper’s Main Contributions

C1 A principled approach to characterize energy consump-
tion of the AI training lifecycle in modern HPC in-
frastructures, spanning preparation, execution, and post-
execution stages.

C2 An in-depth analysis of the energy consumption and
execution time of the distinct phases of the training
pipeline over I/O-bound and GPU-bound models.

C3 A set of empirical findings and takeaways on the
workload- and infrastructure-dependent nature of AI
training energy consumption, intended to guide HPC
users toward more energy-efficient training practices.

B. Computational Artifacts

A1 Public GitHub repository with the scripts required for re-
producing the experiments: dsrhaslab/aionhpc2026-watts-
behind-weights.

Artifact ID Contributions Related
Supported Paper Elements

A1 C1, C2, C3 Figures 2-5, Table 1

II. ARTIFACT IDENTIFICATION

Artifact A1 corresponds to the complete experimental
pipeline used to produce the paper’s results.

A. Computational Artifact A1

Relation To Contributions

Artifact A1 implements the full experimental pipeline de-
scribed in the paper’s methodology (§III), comprising: i) the
dataset and model acquisition scripts used to characterize
the preparation and post-execution stages (C1); ii) the in-
strumented training pipelines for ResNet-50 and Qwen3-8B,
together with the custom energy monitoring and event-tracing
toolkit, used to characterize the execution stage at phase-level
granularity (C2); and iii) the analysis scripts that produce the
findings and takeaways reported throughout §IV (C3).

Expected Results

Reproducing A1 should yield the following, corresponding to
Figs. 2–5 and Table I:

• Energy consumption and execution time of the dataset
and model acquisition steps increase with dataset/model
size (C1, C3).

• A per-phase breakdown of energy consumption and exe-
cution time for ResNet-50 and Qwen3-8B under varying
data placement and checkpointing configurations (C2).

• The corresponding CPU/GPU energy consumption split
for both workloads (C2, C3).

• Energy consumption and execution time of the model
upload step increase with model size (C1, C3).

Due to hardware, driver, and interconnect variability, absolute
energy (J) and execution time (min) may differ from those
reported in the paper, but similar trends are expected.

Expected Reproduction Time (in Minutes)

Step Estimated time

Artifact Setup ≈45 min
Artifact Execution ≈3200 min

Artifact Analysis ≈1 min

The Artifact Execution time only accounts for the time of
a single run of each experiment in §IV.

Artifact Setup (incl. Inputs)

Hardware: We used a server with 2× 64-core AMD EPYC
processors, 4× NVIDIA A100 80GB GPUs, 512 GiB of
memory, 500 GiB SATA SSD, 200 Gb/s interconnect to the
PFS. Experiments can be conducted on servers with other
specifications but with an equivalent configuration.

Software: We used Rocky Linux 8.5 (kernel 4.18.0), Py-
Torch 2.6.0, CUDA 11.8, NCCL 2.21.5, NVIDIA Management
Library, Intel RAPL, and OpenTelemetry.

Datasets and models: Our experiments used five models
downloaded from HuggingFace:

• ResNet-50 (25.6M): microsoft/resnet-50;
• ELECTRA (110M): google/electra-base-discriminator;
• TRELLIS (1.1B): microsoft/TRELLIS-image-large;
• Qwen3 (8B): Qwen/Qwen3-8B;
• Gemma (27B): google/gemma-4-26B-A4B-it.
We also used seven datasets from HuggingFace and Kaggle:
• hd tmp (486 MB): ayuo/hd tmp;
• WikiText (644 MB): Salesforce/wikitext;
• The arXiv Dataset (2.06 GB): Cornell-University/arxiv;
• Documentation Images (6.51 GB): huggingface/docu-

mentation-images;
• ImageNet (167 GB): ILSVRC/imagenet-1k;
• KakologArchives (225 GB): KakologArchives/Kakolog-

Archives;
• Banned Historical Archives (549 GB): banned-historical-

archives/banned-historical-archives
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Installation and Deployment: The energy monitoring tool
requires GCC 13.2.0, CMake, PostgreSQL, cuDNN, and
CUDA 11.8.0 on both the build and execution environments.
Monitoring also requires access to perf_event_open and
Intel RAPL interfaces, which requires either sudo privileges
or adequate read permissions. Experiments were submitted
to the cluster via sbatch. The training process and the
energy monitoring server are deployed on the same compute
node, while a separate controller node collects, aggregates, and
preprocesses the energy and OpenTelemetry data. Further, we
used a custom-built version of PyTorch 2.6.0, and the moni-
toring tool attaches to the training process via LD_PRELOAD,
loading the energy-tracking functionality into the target pro-
cess at runtime.

Artifact Execution
Execution proceeds via three dependent tasks, in the following
order: T1 → T2 → T3.
T1 (Data staging). Download WikiText and ImageNet datasets
to the shared PFS. For the execution stage experiments
(§IV-B), additionally copy these datasets from the PFS to node
local storage. This task produces the staged inputs of T2.
T2 (Execution). Depending on the experiment being repro-
duced, T2 corresponds to one of three benchmark types:
i) Preparation/post-execution benchmarks: execute the down-
load/upload scripts under monitoring, producing the raw
energy and time measurements underlying Figs. 2 and 3.
ii) Execution-stage training: launch the energy monitoring

server and controller, then run the instrumented ResNet-50
or Qwen3-8B training script for the selected configuration
(e.g., storage placement, checkpointing). The monitoring tool,
attached via LD PRELOAD, samples CPU (RAPL) and GPU
(NVML) power at 50 ms intervals, while OpenTelemetry
instrumentation reports phase-boundary events (data loading,
memory transfer, forward/backward pass, synchronization,
checkpointing, validation) to the controller node. Each config-
uration is repeated over 3 independent runs, for 5 epochs each,
consistent with §III. T2 produces raw, phase-tagged energy and
time traces per run.
T3 (Aggregation and analysis). The controller node aggregates
and preprocesses the phase-tagged traces produced by T2.
The analysis scripts then consume this preprocessed output to
compute per-phase energy/time breakdowns, averaged across
the 3 repetitions, and the CPU/GPU energy split, producing the
data for generating the plots and table reported in the paper.

Artifact Analysis (incl. Outputs)

CPU (RAPL) and GPU (NVML) power samples are correlated
offline with OpenTelemetry phase-boundary timestamps to
attribute energy and time to each lifecycle phase. We provide
scripts to merge the separately collected energy and tracing
logs into a single aggregated dataset per configuration, from
which per-phase energy and time are averaged across the 3
repetitions; Figures and Table I were then manually composed
from this aggregated output.
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