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As modern High-Performance Computing (HPC) systems push the boundaries of computational capabilities, their
power consumption becomes a serious threat to environmental and energy sustainability. In such a context, accu-
rate prediction of the jobs’ power consumption is instrumental to develop efficient power management strategies
acting at the system level. To this end, in this paper, we present an online prediction algorithm to predict job
power consumption in a production HPC system, prior to job execution. Our solution employs machine learning
tools, and it is able to predict the minimum, average and maximum power consumption of a job, aggregated per
node throughout its execution. Our approach leverages only information which is available at the time of job
submission, and it is validated on two datasets extracted from production supercomputers, namely F-DATA from
Supercomputer Fugaku and PM100 from Marconil00. Our experimental results show that our prediction algo-
rithm outperforms state-of-the-art techniques, and it can accurately predict job power consumption, by obtaining

an error of less than 12% on F-DATA and less than 22 % on PM100.

1. Introduction

High-Performance Computing (HPC) systems have become funda-
mental to modern scientific research and industrial applications, en-
abling the execution of large-scale computations. However, their in-
creasing power consumption poses significant challenges related to en-
ergy efficiency, cost, and environmental sustainability [1]. To guaran-
tee a sustainable development of current and future HPC systems, it is
thus fundamental to develop efficient power management strategies to
improve the system’s energy efficiency while guaranteeing optimal per-
formance of the system.

To this end, one effective solution is to work at the system’s work-
load level [2-4], which is composed of thousands of jobs executed on
the system’s resources every day. When the system resources perform
operations (i.e. when jobs are executed on them), their power consump-
tion grows (in comparison to their idle state when they are not perform-
ing operations), ultimately increasing the overall system energy con-
sumption. Hence, accurate prediction of job power consumption, prior
to their execution, allows us to devise energy-aware workload manage-
ment strategies (job scheduling or resource allocation techniques) to
improve the energy efficiency of the system [3,5,6].

Recent advancements in Machine Learning (ML) have enabled pre-
dictive modeling techniques that accurately estimate the power con-
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sumption of jobs executed on HPC systems [7-9]. To make power-aware
decisions on the job scheduling, the prediction has to be performed
before the job execution. To achieve so, the prediction algorithm can
leverage only features available at job submission time, such as the user
name, job name and # of requested resources; this information is typi-
cally available in the majority of modern workload dispatchers [10].
Past work [11,12] demonstrated that to obtain optimal prediction per-
formance, the prediction algorithm should work in an online fashion,
meaning that the predictive models are updated recurrently on data of
more recent job executions to adapt to the changes in system work-
load [13].

In this work, we propose an end-to-end online predictive algorithm
for the prediction of minimum, average and maximum job power con-
sumption (aggregated per node throughout its execution), at the time
of job submission. Our approach works on real production workloads,
without filtering any jobs (unlike prior work such as [9]). We rely on
a sliding-window online learning framework, with daily retraining of
lightweight ML regression models. The learning framework is tuned
across multiple settings, offering both accuracy and retraining effi-
ciency, which are essential for deployment on real systems. This pa-
per builds on our previous work [14], which we extend in several ways.
First, we modify the methodology to predict also the minimum job power
consumption, in addition to the average and maximum. Second, we study
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extensively the online algorithm parameters, aiming to find the best
setup to maximize the prediction performance. Third, we validate the
predictive algorithm on two publicly available datasets extracted from
two production HPC systems with different architectures, namely su-
percomputers Fugaku and Marconil00. The Fugaku dataset' (F-DATA)
comprises more than 1 million jobs executed on Fugaku between
December 2023 and May 2024, while the Marconi100 dataset? (PM100)
contains the data of ~ 230K jobs executed between May and October
2020. Finally, we perform a comprehensive multi-level evaluation (job-
level, user-level, and system-level), showing robustness across predic-
tion granularity and operational perspectives. We compare the perfor-
mance obtained by employing different regression models and different
ways to encode job-related information for prediction purposes. Our ex-
perimental results show that the online algorithm setting outperforms
the classic offline approach on both datasets across all prediction tasks.
The online algorithm indeed improves the prediction performance up to
the 10 % and the R? score up to the 700 %. Therefore, this algorithm is
essential for obtaining accurate job power consumption predictions and
ultimately equipping the scientific community with a tool to develop
efficient system power management strategies.

The rest of the paper is organized as follows. In Section 2, we intro-
duce the datasets and the ML/NLP models used in our work, and review
related work. Then, we describe in Section 3 the prediction algorithm
and its pipeline. We present our experimental evaluation in Section 4.
We discuss the possible limitations of our approach in Section 5 before
we conclude in Section 6.

2. Background and related work
2.1. Datasets

2.1.1. HPC Systems

The datasets are extracted from two production HPC systems, namely
Supercomputer Fugaku® and Marconil00.* Fugaku is hosted at the
RIKEN Center for Computational Science in Japan. The system was
developed by RIKEN and Fujitsu, and it can reach a peak perfor-
mance of 537 PFlops/s through around 160k interconnected compu-
tational nodes, each of them endowed with 48 Arm cores and 32 GiB of
high-bandwidth memory. Marconil00 (now dismantled) was hosted by
CINECA, one of Europe’s largest supercomputing centers. It was a pre-
exascale supercomputer based on IBM POWER9 processors and NVIDIA
Volta V100 GPUs, connected through a high-speed NVLink architecture,
enabling efficient GPU-accelerated computing.

As can be observed in Table 1, the systems present significant struc-
tural differences. Fugaku is a CPU-only system, while Marconil00 is
endowed with 4 GPUs per node. However, Fugaku has over a hundred
times more nodes than Marconil00, enabling it to achieve a substan-
tially higher peak performance (537 PFLOP/s versus 30 PFLOP/s), as
reflected in the top500 ranking of the world’s most powerful supercom-
puters.®> Fugaku was ranked as 1st for around a year and a half after
its deployment in production. Conversely, Marconi100 made the cut for
only the top 9 supercomputers at the time of deployment in production.
Nowadays, after around 5 years from its deployment, Fugaku is still in
the top positions (7¢h in June 2025), while the latest Marconil00 posi-
tioning (before being dismantled) was 264 in June 2023.

2.1.2. F-DATA
This is a comprehensive workload dataset' comprising approxi-
mately 24 million jobs executed on Fugaku over three years of public

L https://zenodo.org/records/11467483

2 https://zenodo.org/records/10127767

3 https://www.fujitsu.com/global/about/innovation/fugaku/
4 https://www.hpc.cineca.it/hardware/marconil 00

5 https://www.top500.0rg/lists/top500/2025/06/
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Table 1
Fugaku and MarconilO00 system architecture.
Fugaku Marconil00
Architecture Armv8.2-A SVE IBM POWER9
0os RHEL RHEL
Job scheduler Proprietary SLURM
#Nodes 158,976 980

#Cores (per node)
#GPUs (per node) 0

Memory (per node) 32 GB

Peak performance ~ 537 PFlop/s

Peak top500 rank 1st (06/2020-11/2021)

48 (+4 assistant cores) 32

4 NVIDIA V100
256 GB

~ 30 PFlops/s
9th (06/2020)
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Fig. 1. Distribution of jobs submitted to Fugaku between Dec.’23 and May’24.

usage (March 2021 to April 2024). It was created through a special-
ized management software® installed on the system, which provides job
management functionalities (e.g., job manager and scheduler) and fa-
cilitates the recording and storage of job execution details. For privacy
concerns, sensitive data is provided both in anonymized and encoded
formats, with the encoding leveraging an NLP model to preserve cer-
tain job information essential for predictive modeling purposes without
compromising data privacy.

Each job entry includes a rich set of features such as exit code, du-
ration, power consumption, and performance metrics (e.g., # floating-
point operations, memory bandwidth, operational intensity, and performance
class), facilitating diverse job characteristic predictions, including power
consumption prediction. For each job execution, the minimum (min-
pcon), average (avgpcon) and maximum (maxpcon) power consumption
values are available as single integer values, which are computed as the
sum of the minimum, average and maximum power consumption of the
nodes allocated to the job during its execution, respectively. We note
that Fugaku does not allow node sharing, meaning that the power con-
sumption values refer to a single job execution.

The dataset is organized in 38 monthly .parquet files. For the pur-
poses of this work, we consider only the data stored in the last 5 files (i.e.
23_12.parquet, 24_01.parquet, 24_02.parquet, 24_03.parquet and
24_04.parquet), referring to the 1.3 million jobs executed on Fugaku
between December 2023 and April 2024. Fig. 1 illustrates the temporal
distribution of job submissions in this portion of the dataset. The num-
ber of submitted jobs consistently exceeds 10k per day, with an average
of 20k jobs submitted daily. The only exceptions occur in early Febru-
ary and April, when scheduled system maintenance led to temporary
shutdowns.

6 https://www.fujitsu.com/global/about/resources/publications/
technicalreview/2020-03/article10.html#cap-03
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Fig. 2. Distribution of jobs submitted to Marconil00 during May-Oct’20.

2.1.3. PM100

This dataset? comprises a total of 231,116 jobs executed on Mar-
conil00 between May and October 2020. It was created by aggregating
and processing the raw data from the original M100 dataset [15]. The
data collection on Marconil00 was achieved through ExaMon [16], a
monitoring framework which collects several system usage metrics from
different hardware sensors (e.g. node power consumption, room temper-
ature and resource utilization) and software components (e.g. workload
manager).

The dataset is stored as a single .parquet file, with each entry con-
taining detailed information of a job execution, such as exit code, dura-
tion and # requested resources. A key feature of PM100 is the presence
of different per-job power consumption values sampled every 20 seconds
during the job execution. The power consumption of each job is recorded
at the node, CPU, and memory levels.

Fig. 2 shows the distribution of the job submissions. Differently from
F-DATA, the submission load of the system is significantly lower, with
an average of less than 2000 jobs submitted per day. PM100 includes the
data of the first months of production of Marconi100 (which entered in
production in May). This explains both the low load of the first months,
when the systems was mainly used for testing, and the high load of the
last weeks, when the system was fully operational and external users
started to use it.

2.2. ML and NLP models

2.2.1. ML classifiers

We exploit ML for prediction purposes, rather than more sophisti-
cated Deep Learning (DL) models, as our approach is designed for on-
line deployment in production HPC environments, where predictions
must be made at job submission time, ideally within milliseconds. Tra-
ditional ML models offer extremely fast inference (as discussed in Sec-
tion 4), which is crucial to avoid job scheduling latency. In contrast, DL
models-especially those using high-dimensional embeddings or multi-
layer architectures-can introduce non-negligible runtime overhead, re-
ducing the practicality of frequent updates. In preliminary experiments
(not reported in the paper), we explored using fully connected feed-
forward neural networks. We observed no performance gains over en-
semble models like XGBoost, despite increased training time, tuning
complexity, and inference cost. This aligns with observations reported
in prior work (e.g., [7,91) where traditional ML often outperforms or
matches DL in tabular HPC workload data with structured features.
Next, we briefly introduce the ML models used in our algorithm.

The Random Forest (RF) is a well-known ensemble ML algorithm
leveraging several independent Decision Tree (DT) model instances for
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regression tasks. An RF model is trained on historical data to compute
statistical correlations between input feature values and a given predic-
tion target. Each DT is trained individually by tuning the internal param-
eters on a random subset of the training data and a random subset of the
input features. At inference time, a majority voting among the trained
DTs is carried out. This is done to make up for the tendency of individ-
ual DTs to overfit on the training data and thus obtain less error-prone
prediction performance, as explained in [17]. In general, the RF bene-
fits from having a voluminous amount of data, since the computation of
statistical correlation becomes more accurate for the given sample.

XGBoost (XG) is a gradient boost algorithm designed for several pre-
diction tasks, such as classification and regression. XG relies on an en-
semble of predictive models (usually DTs), with each model attempting
to correct the mistakes made by the other ones. Leveraging on gradient-
based optimization, XG aims to optimize a specific loss function defined
for the task. Moreover, XG includes regularization techniques to control
model complexity and prevent overfitting. Due to these characteristics,
XG excels in handling large-scale datasets, capturing complex interac-
tions among features and delivering high predictive performance, as dis-
cussed in [18].

The k-Nearest Neighbors (KNN) is a widely used instance-based algo-
rithm for regression tasks. Unlike typical ML-based methods, KNN does
not require a training set to build a prediction model, as it does not rely
on internal parameters. During model building, it stores a fixed amount
of data points in a given feature space. Then, at inference time, it com-
putes the k-nearest neighbours as the most similar elements among the
stored ones, according to a distance metric, such as Minkowski. Because
of this, the minimum amount of data needed to perform prediction is k.

2.2.2. Sentence bert

To feed the textual job information into the aforementioned ML
classifiers, we need to convert them into a numerical format. For this
purpose, we employ Sentence Bert (SBert), which is a state-of-the-art
sentence embedding model, obtained by fine-tuning pre-trained BERT
(Bidirectional Encoder Representations from Transformers) in sentence
similarity tasks [19]. BERT is trained on millions of textual documents
to understand language patterns. The model can generate word-level
embeddings, namely a semantically meaningful floating-point array
representation. However, when working with pieces of text or strings
in regression tasks, this representation is impractical [20,21]. Con-
versely, SBert generates meaningful sentence-level embeddings, i.e. a
384-dimensional floating-point array.

2.3. Related work

Several past work tackled the job power consumption prediction task
through the analysis of workload data, but they differ from our approach
in various aspects. For instance, [22,23] explored the use of workload
manager information to perform power-related prediction on job execu-
tion. However, their solutions rely on job data beyond what is available
at submission time, making prediction before execution infeasible and
thus unsuitable for our purposes. In [7,24], the authors predict job av-
erage power consumption per node by using an RF model trained on
historical data. Both approaches train the model only once, without up-
dating the model with the most recent data. Even if their solutions are
suitable for retraining the models, they do not provide insights on re-
training mechanism (e.g. temporal window of the retraining data and
retraining frequency). Instead, our online prediction algorithm relies on
an automated and continuous retraining process, which we evaluate ex-
tensively. As shown in [11,12] and validated by our experimental re-
sults in Section 4.3, the approach of [7,24] is less accurate than ours.

The algorithms presented in [8,9] predict average job power con-
sumption per node and the models are updated periodically on more
recent data. However, their approach differ from ours in many ways.
The models are based on exponential smoothing of similar past jobs’
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Fig. 3. High-level functioning of the prediction algorithm.

power consumption. Moreover, [8] relies only on categorical job fea-
tures (user id, group id, # tasks per node) and this approach was shown
to be outperformed by an RF model trained only once on all the avail-
able data (like that of [7]). While the algorithm of [9] is tested on Mar-
conil00 data (which is different from PM100), it is evaluated only on
jobs which ran for more than one minute, due to limitations in the pro-
posed approach. In a real scenario, this would require knowledge on
job duration before job execution, which is unrealistic. Additionally,
this would mean removing more than half of the job executions on Mar-
conil00, as discussed in [25]. A prediction algorithm that cannot act
on any data would would provide incomplete and noisy information for
job scheduling strategies or system power estimation. Differently, our
approach does not require job duration information and works with any
type of job.

Our work differs from all the studies cited above in additional re-
spects. First, we predict job power consumption at different granularity,
namely the minimum, average and maximum. All these values are use-
ful for power-aware job scheduling and resource allocation [3,26,27].
Second, we validate our algorithm’s robustness on two distinct large
datasets, extracted from different production systems. Finally, [8,9] fo-
cus only on predicting power consumption at the job level, while we
also consider the system level, which is a relevant information for power
management. This was done only in [7] for the average system power
consumption. As we show in Section 4.3, our approach is more accurate,
as it obtains an error of 5% against the 9% obtained in [7].

3. Methodology

In this section, we describe our methodology for the power consump-
tion prediction of the jobs submitted to HPC systems.

3.1. Algorithm overview

The goal is to build a prediction algorithm that estimates the power
usage of a job by using only the information available at job submission
time. To do so, we define a predictive pipeline composed of three algo-
rithmic steps: Data Preparation, Feature Encoding, and Predictive Model-
ing, as depicted in Fig. 3. The figure shows how our algorithm employs
the three steps in two different operational modes, namely Algorithm
Training and Algorithm Inference. In the former, the algorithm leverages
historical job execution data and the three algorithmic steps to gener-
ate an instance of a trained prediction model. In Algorithm Inference, the
trained model is used to generate a prediction for a single unseen job
using its submission time data. Again, the three algorithmic steps are
employed sequentially to achieve this goal.

The only implementation requirement of our algorithm is the pres-
ence of a Jobs dataset, containing the data of past job executions. This
dataset should contain features regarding job submission (such as re-
quested resources, user information, job name), job execution (such as
duration, #nodes allocated, and power consumption) and job completion
time. The job execution and completion time features are available only
upon job completion. This is not a strict requirement, since modern sys-
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tems are typically endowed with monitoring software that permits the
collection and dump’ of job data [28-30], including power consump-
tion [31,32].

In this paper, we focus on job power consumption per node. Never-
theless, our methodology can easily be configured to predict power con-
sumption at different granularity (e.g. CPU, GPU or memory level), or
other job execution characteristics (e.g. duration, failure or performance
metrics). Moreover, the same methodology can be used to estimate job
energy consumption per node, computed as the predicted power con-
sumption multiplied by the job duration set by the user (e.g. wall-time).
In the following, we describe each step of the pipeline in detail.

3.2. Data preparation

We perform a series of data engineering steps starting from the raw
job data extracted from the Jobs dataset to isolate the information we
need to address the prediction task. Specifically, we select a subset of job
features that effectively represent job characteristics. Then, we define
prediction target, which is required for the model training phase, and
then create additional job features with the target values.

3.2.1. Feature selection

In order to perform the prediction before the job is executed, we
can only rely on job submission time features [11,12]. Such features —
such as user name, job name, and environment variables — are the infor-
mation available when a job is submitted, hence that can be retrieved
without further modification to the normal workload submission work-
flow. These features are instrumental in capturing job similarity, con-
sisting of analogous computational patterns, hardware allocations, and
akin power consumption.

In general, job power consumption is influenced by the compu-
tational operations performed and the amount of hardware utilized.
Consequently, jobs executing similar operations and leveraging similar
hardware configurations are likely to exhibit comparable power con-
sumption patterns. Moreover, as explained in [11,12], in HPC produc-
tion systems, users tend to submit jobs in batches containing similar
experiments. Jobs submitted in the same batch are prone to have simi-
lar names, characteristics and perform similar operations. Given that the
power consumption of a job depends on the computational operations
it performs, jobs performing the same or similar operations will have
similar power consumption. Therefore, features like the user name, job
name and environment variables, might be the key to identify similar jobs,
and consequently, perform accurate job power consumption prediction.

This feature set can be decided upon empirical evaluation on his-
torical job data. Once settled, every time a job’s data is inputted in the
prediction pipeline, such features are extracted and inferred in the pre-
diction model.

3.2.2. Job power consumption

In this work, we focus on the minimum, average and maximum job
power consumption. In general, the job power consumption values can
range from few to millions of Watts, depending on the amount of re-
sources allocated to the job execution. This makes the prediction task
very hard and the possible relative prediction error very high. In the
light of that, we decide to perform some data pre-processing to make
the target more suitable for the regression task, as outlined hereafter.
As done also in [7], we normalize the power consumption of a job
(pcon j) on the # of nodes allocated to the job execution, as shown in
Egs. (1)-(3). This normalization allows us to predict power consump-
tion as if each job were running on a single node, aiming to reduce the
potential for prediction errors. Moreover, this allows to account for the
fact that the power consumption of the same jobs varies significantly by

7 Export of the database’s data and structure at a given moment in time, typ-
ically stored in a file (e.g. csv, parquet, json, etc).
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changing the number of nodes allocated. By removing this factor, we can
treat the power consumption as an intrinsic property of the job, which
is more dependent on the job’s operations rather than on the number
of nodes allocated to it. This strategy has been previously employed in
related studies [7,33] and has proven effective, particularly in workload
scheduling applications [5,34].

min(pcon;)
minpconj = — (@]
#nodes_allocatedj
avg(pcon;)
v = — 2
avgpeon, #nodes_allocated; @
max(pcon;)
maxpeon; = i L— 3

- #nodes_allocatedj

The output of our prediction tasks, for a given job, will thus be the
minpcon, avpcon or maxpcon. When working with historical data, these
features must be created for all the past job execution, so as to use them
as the ground truth for the training and evaluation of the prediction
model.

3.3. Feature encoding

The regression models presented in Section 2.2 require a numerical
representation of the job feature values which are heterogeneous in their
type (e.g. integer, string, float). We suggest to encode them in a stan-
dard numerical representation by applying two strategies. In the INT
encoding, an integer is assigned to the values which are not numerical,
i.e. user name, job name, and job environment, while setting all the miss-
ing values in the other fields to a default value of -1. This encoding is
a standard in the field of ML, and it is particularly suited for regression
tasks [35].

In the SB encoding, all the feature values are first concatenated into a
comma-separated string, e.g. userl, jobl, ..., 1, 1, envl. Then the string
is encoded with SBert, obtaining a 384-dimensional floating-point array.
SBert extracts more fine-grained insights about job features expressed in
natural language (e.g. user and job name), in the context of job-level clas-
sification, as demonstrated in [11,12], This is because SBert is designed
to represent sequences, with semantically similar contents, with similar
encodings. As we discussed in Section 3.2, jobs with similar names and
users could belong to the same submission batch running similar oper-
ations, therefore, such features could reveal important patterns on the
nature of the job and its workload. Moreover, SBert allows to address
privacy concerns on user data. Indeed, user data are usually considered
sensitive and their disclosure or third-party usage is generally undesired.
To this end, SBert projects the information on a latent space, thus com-
plicating the association between the original user-sensitive information
and the encoded data used for training [36,37].

3.4. Predictive modeling

For predictive modeling, we leverage ML models, which exploit his-
torical data, originating from the Jobs dataset, to learn patterns and re-
lationships in past job executions (training) to ultimately make accurate
predictions on new, unseen job data (inference). To this end, our algo-
rithm employs an instance of an ML regression model, since the predic-
tion target (power consumption) is a numerical value.

3.4.1. Training

For model training, we use the encoded job data and the power con-
sumption values of historical job traces, and define two temporal learn-
ing settings. In the offline setting, the model is trained only once using
the entire historical data, without taking into account the temporal job
execution information (e.g. the submission time, start time or end time),
nor temporal subsets of the data. This setting is a standard in ML-based
predictive modeling for its simplicity.

In the online setting, we exploit the temporal nature of the histor-
ical data, as a consequence of constant job submission, execution and
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completion in a system. We thus treat the job data as live and streaming
in time, and retrain the model periodically using a sliding window of
most recent jobs. This approach is expected to capture evolving work-
load patterns for a better prediction and is more suitable for adoption in
production HPC systems [11]. The model is initially trained on the data
of the jobs executed in the last « days. After that, the model is retrained
periodically every g days, using only the data of the jobs executed in the
last « days. As we proceed in time, the model is continuously re-trained
with different training data, which are more recent in time.

As discussed in Section 3.2, the workload of an HPC system is usually
submitted in batches having similar characteristics. Our online algorithm
is expected to exploit this similarity. Moreover, it allows for the mod-
els to dynamically adapt to the change in the workloads that arise in
production HPC systems due to the arrival of new users and the start of
new research projects or campaigns [38].

3.4.2. Inference

The model inference relies on a trained instance of the ML model to
generate a prediction for a new, unseen job. The input of the trained
model is the job data which is first extracted from the Jobs dataset and
then processed by the Data Preparation and Feature Encoding steps. The
output is the power consumption prediction for the given job, which
depending on the prediction task can be either the minimum, average or
maximum job power consumption.

The frequency of the inference depends on the use case. It can be
called periodically (e.g. after a certain number of jobs are submitted or
after a given time span) or when needed, without any periodicity.

4. Experimental study

In this section, we present our experimental design and results. In
the experiments, F-DATA and PM100 act as Jobs dataset and we will
evaluate the prediction accuracy of our prediction algorithm. The same
set of experiments is performed on each dataset alone, without merging
together the two data sources. We do that because we want to test our al-
gorithm performance on the data of two different systems; investigating
transfer learning strategies is outside the interests of this work. More-
over, as explained in Section 2.1, the two datasets exhibit inherently
different characteristics (especially in terms of job power consumption),
hence making the evaluation of transfer learning strategies non-trivial.

We run the experiments on a machine with two AMD EPYC 7302
CPUs with 64 cores and 512 GB of RAM. The RF and KNN algorithms
are implemented with the scikit-learn® Python library, while the XG im-
plementation is retrieved from the xgboost® library. The sequence en-
coder model is provided by the sentence transformers library,'® while
the weights for SBert are pulled from huggingface.!! We use the pre-
trained model all-MiniLM-L6-v2,'2 since it is the best trade-off between
prediction performance and speed [39]. All the models are instantiated
with the default setting provided by the libraries. The implementation
and the details of the Python version and its packages are available in a
GitHub repository.'®

4.1. Data pre-processing for the prediction tasks

To test our prediction algorithm on F-DATA and PM100, we need to
pre-process the raw data, following our methodology described in Sec-
tion 3.2. We note that this process does not remove any data from the
original datasets. This means that failed, short (less than 1 minute of

8 https://scikit-learn.org/stable/

9 https://xgboost.readthedocs.io/en/stable/index.html

10 https://www.sbert.net

11 https://huggingface.co

12 https://huggingface.co/sentence-transformers/all-MiniLM-L12-v2
13 https://github.com/francescoantici/online-jpcp
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duration), and multi-node jobs are all included in the evaluation, with-
out exceptions. In a real production system, it is not possible to filter
out specific jobs before their execution, as all job related information
can be obtained only after job termination. Moreover, we do not distin-
guish between PM100 jobs that run on CPUs only and those that also use
GPUs. We intentionally adopt this approach to ensure our methodology
reflects a realistic production environment, where all types of jobs co-
exist. Restricting predictions to jobs with specific characteristics would
undermine the robustness of our prediction algorithm.

4.1.1. Job feature selection

In an initial phase, we evaluated models’ prediction performance us-
ing different subsets and combinations of the job features obtainable at
submission time. We performed the evaluation on each dataset sepa-
rately, in order to find their best feature set. Given that we use two dif-
ferent feature encoding techniques, and different ML models, we cannot
rely on statistical metrics (e.g. feature importance provided by RF or
feature correlation) alone. To extract the optimal feature set, we evalu-
ated the prediction performance of different algorithmic combinations
on a subset of the datasets. Then, we extracted the smallest feature set
which achieved the best prediction performance overall.

In F-DATA, the subset of features which yields the best predictive
performance is composed of user name, job name, # cores requested, #
nodes requested, node frequency requested and environment. Conversely,
in PM100 data, the optimal feature set turns out to be composed of user
name, job name, partition, # cores requested, # GPUs requested, quality of
service and amount of memory requested. The two feature sets confirm our
intuition about which information is most important for predicting job
power consumption. Indeed, the feature sets have some common ele-
ments, such as the user name and job name. The information provided
by the environment and node frequency requested features of F-DATA can
be correlated to that provided by the quality of service and partition of
PM100, as all of these features represent a machine setup for the job
execution. Similarly, both feature sets present information on the hard-
ware allocated, i.e. # cores requested in both, # nodes requested in F-
DATA, and # GPUs requested and amount of memory requested in PM100.
Clearly, the architectural differences of the systems are reflected to the
relevant features. Marconil00 mounts GPUs (which are very power hun-
gry components) and allows for node sharing, thus # nodes requested is
less relevant per se w.r.t. # GPUs requested and amount of memory re-
quested. Instead, Fugaku does not have GPUs and does not support node
sharing, meaning that the # nodes requested is very informative about
the resource requirements of a job.

4.1.2. Job power consumption

As explained in Section 2.1, the minimum, average and maximum
power consumption recorded throughout the entire execution of a job
j are available in F-DATA features. Conversely, in PM100 these three
features are not present, and need to be derived. Each job j in PM100
has a node_power_consumption; feature, which is a time-series containing
the power consumption of the job, sampled every 20 seconds between
its start and end time. Each element is obtained as the sum of the power
consumption of all the nodes allocated to the job. Hence, the minpcon;,
avgpcon; and maxpcon; features are generated for each job j by taking
the minimum, average and maximum of node_power_consumption;. As ex-
plained in Section 3.2, we normalize the power consumption values on
the # of nodes allocated to the job execution, thus generating minpcon,
avgpcon and maxpcon for each job data of the two datasets.

Fig. 4 reports the distribution of these values in F-DATA and PM100.
In F-DATA, the majority of the values fall in the 40W-110W interval,
with a maximum value located around 40W. For values greater than
140W, the avgpcon is shifted to the left of maxpcon, while the minpcon
are almost not present. This is explainable by the fact that for a sin-
gle job, the maxpcon is always greater or equal to the avgpcon, and the
same holds for avgpcon and minpcon. Thus, jobs consuming high amounts
of power can obtain higher peaks of power consumption (maximum),

Future Generation Computer Systems 175 (2026) 108064

minpcon
avgpcon
105 il maxpcon
104 | ... .... L] B
2]
e}
2 10° ‘
=
o
+*
102
. h“‘
0 A
100 125 150 175
Power consumptlon (in Watts)
10° R
minpcon
avgpcon
maxpcon
10*
|
w 10° S (AR AR ARNE T
e}
2
=
o
H# 102 | HEEEEESEESRiNERRA AR AR
10!
1000 1500 2000

Power consumption (in Watts)

Fig. 4. Distribution of minpcon, avgpcon and maxpcon values of the jobs in F-
DATA (above) and PM100 (below).

while keeping a lower mean power consumption throughout their execu-
tion. Concerning PM100, the job power consumption values span from
a few watts to more than 2000 W. This is due to the presence of power
hungry components like GPUs in the nodes, which makes the power
consumption reach significant peaks. Here, job power consumption is
more variable than in F-DATA, as witnessed by the fact that minpcon
values are generally lower than 500 W, while avgpcon and maxpcon are
mainly greater than 600 W. As in F-DATA, we observe the shift to-
wards greater power consumption values of maxpcon w.r.t. avgpcon and
minpcon.

We note that our analysis focuses on jobs executed on dedicated
nodes without sharing them, as our datasets include only this type of
jobs. Fugaku does not support node sharing. While Marconil00 sup-
ported it, the PM100 dataset filtered out such jobs. We retain that this
does not pose any limitation to our approach, as no current method can
determine jobs’ node power consumption when jobs run concurrently on
the same node [25]. On the contrary, this allows to have reliable per-job
power consumption values, without the need of any modification to the
recorded values.

4.2. Prediction algorithm evaluation

4.2.1. Testing on historical data
To test our prediction algorithm, we need to define the training and
test sets and extract them from F-DATA and PM100. When working with
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historical data, it is not realistic to do inference on a job by learning from
the data of the future jobs submitted at a later time [12]. This is because
in a real system, job data can be collected correctly only after the job
execution and when the data collection process finishes successfully.
Thus, whenever a job is submitted, we can use only the data of the jobs
that finished their execution. To ensure that the training data always
comes chronologically before the test data, we order the data in both
datasets chronologically based on their submission time.

In the offline setting, since the model is trained only once, we split
the job data into two. We take the first 70 % of the data as the training
set and the remaining 30 % as the test set. As for the online setting, given
that the model is retrained periodically, we create different training and
test sets. We consider as the first training set all the jobs that are submit-
ted in the first « days (and possibly finished after the ath day). Starting
from the submission time of the first job not present in the first training
set, we divide the data in batches in chronological order, where each
batch contains the jobs submitted in the next g days. We then iterate
over each batch, considering it as a new test set. At every iteration, the
training set is updated with the data of the last a days and the models
are retrained. To guarantee soundness of the setting, we ensure that all
the jobs in the training splits end before the submission of the jobs in
the test sets by using the end time feature of the jobs.

4.2.2. Metrics and baselines

To evaluate the prediction quality, we compute the Mean Absolute
Percentage Error (MAPE) and the R? score between the actual value
(ground truth) and the predicted value. While MAPE is the mean of
all absolute percentage errors on the predictions, the R? score repre-
sents how much of the variation in the target values is predictable from
the model. R? is not suitable to evaluate the numerical error, but it is
meaningful to evaluate the prediction model’s quality and adaptability.
Generally speaking, an accurate regression model should obtain a MAPE
lower than 20 % [40,41], and an R? of at least 0.50 [24].

We compare our predictive algorithm to the state-of-the-art (s.o.t.a.)
solution, which is an RF model, trained only once on historical data us-
ing the INT encoding for job features, identified as the best approach in
[7,8,24]. We also define two simple baselines MFREQ and MEAN, which
do not exploit learning, but rather return the most frequent and average
power consumption value of the jobs in the training set, respectively.
Comparison to these simple baselines allows us to estimate the com-
plexity of the prediction tasks. If the baselines cannot obtain accurate
prediction, it means that the prediction tasks are indeed non-trivial, and
they require the use of a sophisticated ML-based prediction model.

While the approach of [9] is the most similar to ours, a fair compar-
ison is not possible for several reasons. In [9], they filter out the jobs
under 1-minute duration (due to limitations in their prediction pipeline).
In our setting, this would exclude more than 50 % of the jobs in PM100.
Our approach, by contrast, is designed to handle all job types, includ-
ing ultra-short jobs, making it applicable in full production scenarios
without bias. Moreover, they assume that at job submission time, it is
possible to obtain the data of all the jobs terminated by that second.
This is not realistic in a production scenario, as synchronization and
data collection requires considerable time. Also, there is a big problem
with real production data, i.e., the one of batch jobs. Batch jobs are sub-
mitted and executed together, this means that all the jobs have same or
similar end time. If for a new prediction we have only data of batch jobs
(or only 1 past job data is present) the formula to compute the predic-
tion in [9] is not sound, and consequently the prediction is not obtain-
able. Even though we cannot include the method of [9] as a s.o.t.a. ap-
proach, we discuss a comparison under a specific setup in the following
subsection.

4.3. Experimental results

We first conduct an initial study on the online algorithm, to find the
best combination of « and # values for each model. We then test the

Future Generation Computer Systems 175 (2026) 108064

performance of the offline and online algorithms for the prediction of
the minpcon, avgpcon and maxpcon values and carry out different eval-
uations. In our evaluations, we distinguish between the job feature en-
codings (INT and SB) and the regression models (KNN, XG, RF). We will
refer to each prediction model using its feature encoding strategy (INT
or SB) “+” regression model (KNN, RF or XG). For instance, the s.o.t.a.
solution is INT + RF employed in the offline setting.

4.3.1. Online algorithm tuning

We set « to 15, 30, 45 and 60, and f to 1, 2, 5 and 10. We avoid
p =0, i.e., retraining upon each new job submission, as it incurs exces-
sive overhead, as well as exclude larger values of § so as not to delay
model update for long. At the same time, we are not interested in using
more than a = 60, as otherwise the model would have to deal with a
large amount of data. We then observe how different values of a« and
p impact prediction performance and overhead on the system opera-
tions for each prediction model. We evaluate the overhead as the time
required to train a model. We consider the best setting to be the one
in which the model achieves the lowest MAPE score (in case of equal
MAPE values, we consider the higher R? score). If a model achieves the
same performance (MAPE and R?), we take the setting with the lowest
« and highest g, to save model training time (less frequent training with
lower amount of data).

Figs. 5-7 show the results. As expected, in both datasets, with greater
« the MAPE improves (gets lower), and as g grows, the MAPE worsens.
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Fig. 5. MAPE scores of the prediction models on F-DATA, with different values
of a (above) and g (below). The bars show the average and distribution of the
MAPE scores aggregated from the different models. The values are aggregated
by same « (above) and f (below). Lower values correspond to better results.
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Fig. 6. MAPE scores of the prediction models on PM100, with different values
of a (above) and p (below). The bars show the average and distribution of the
MAPE scores aggregated from the different models. The values are aggregated
by same a (above) and f (below). Lower values correspond to better results.

While the improvements obtained with higher values of a are minimal
(a = 60 improves the MAPE by ~ 0.3% w.r.t. « = 15), the increase
in the training time is significant, especially in F-DATA, where a = 60
takes as almost 3 times the time required by a = 15.

In Table 2, we observe that in both datasets, all the models need to
be retrained daily (# = 1) for best prediction performance, confirming
the results shown in Figs. 5 and 6. In general, the models using the SB
encoding seem to perform better with higher a values, while the ma-
jority of the models using the INT encoding achieve the best prediction
at « = 15. This can be justified by the fact that the SB encoding has
more elements than the INT (384 against less than 10); hence, the mod-
els need more data to learn correlation between input features and the
prediction target.

In the rest of the experiments, we tune the online algorithm of each
prediction model using the best « and f values derived in Table 2.

4.3.2. Job power consumption prediction

On F-DATA (Table 3), the online algorithm brings about significant
improvements to MAPE and R? in all the prediction models, across all
the prediction tasks. The two baselines MFREQ and MEAN provide poor
results, proving that the prediction tasks are non-trivial and require the
use of more sophisticated ML models. The benefits of using an online
algorithm are particularly evident in the models using the SB encoding,
where the MAPE is almost halved across all the tasks w.r.t. the offline
algorithm. The best performing online model always lowers the MAPE of
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Fig. 7. Training time (in seconds) of the prediction models on F-DATA (above)
and PM100 (below), with different values of a. The bars show the average and
distribution of the training time aggregated from the different models. Lower
values correspond to better results.

the best performing offline one by at least 5 %, specifically 5% in minpcon
prediction, 10% in avgpcon prediction and 9% in maxpcon prediction.
Similarly, the R? score improves with the use of the online algorithm,
which enhances the robustness of the models towards the variability of
the job data and power consumption [24]. We observe that the s.o.t.a.
solution (INT + RF in the offline setting) is outperformed by all the mod-
els employed in the online setting.

The best performing prediction model across tasks is the INT + RF in
the online setting, which obtains the overall lowest MAPE values, namely
10 % for the minpcon prediction and 12 % for the avgpcon and maxpcon
prediction. In terms of R?, it is surpassed, by a small factor, only by
the SB+RF in the minpcon prediction, which scores 0.77 against 0.75 of
INT +RF.

Concerning the PM100 data, similar conclusions can be drawn. Here,
the MAPE improvements of the online algorithm are less significant w.r.t.
the ones obtained in F-DATA. This is probably due to the fact that PM100
contains only the jobs that ran exclusively on the nodes, as we discussed
previously. This affects the effectiveness of the online methodology, as
with missing job data it becomes harder to spot job execution patterns
and understand how the workload characteristics evolve in time. Nev-
ertheless, the online algorithm manages to enhance the prediction per-
formance in all the models, across the three tasks. This is particularly
noticeable from the R? values, which are always less than 0 with the
best performing offline models (-0.10, -0.05 and -0.03 with SB+RF in
the minpcon, avgpcon and maxpcon prediction, respectively), while the
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Table 2

« and g values which yield the best prediction performance for each prediction model, on F-DATA and

PM100.

minpcon avgpcon maxpcon

Approach F-DATA PM100 F-DATA PM100 F-DATA PM100
INT+KNN  o=15=1 a=15p=1 a=15f=1 a=15f=1 a=15f=1 a=45p=1
INT +RF a=45p=1 a=15p=1 a=30,=1 a=15pf=1 a=45p=1 a=15f=1
INT +XG a=15p=1 a=15p=1 a=15p=1 a=15p=1 a=15f=1 a=60,p=1
SB +KNN a=15p=1 a=15p=1 a=15p=1 a=15p=1 a=15p=1 a=30,f=1
SB+RF a=60,=1 a=15p=1 a=30,=1 a=30,=1 a=60,p=1 a=45p=1
SB+XG a=30,f=1 a=15p=1 a=60,f=1 a=45p=1 a=15p=1 a=45p=1
MFREQ a=15p=1 a=15p=1 a=30f=1 a=30p=1 a=15p=1 a=30,f=1
MEAN a=15p=1 a=15p=1 a=30,f=1 a=30p=1 a=15f=1 a=30p=1

Table 3
Prediction performance in F-DATA. Lower MAPE values indicate better results,
highlighted in bold.

while for R? higher values are preferred. The best results are

minpcon avgpcon maxpcon

offline online offline online offline online
Approach MAPE (%) R? MAPE (%) R? MAPE (%) R? MAPE (%) R? MAPE (%) R? MAPE (%) R?
INT +KNN 21 0.36 14 0.61 27 0.46 16 0.67 26 0.47 16 0.67
INT +RF 15 0.66 10 075 22 0.64 12 078 21 0.66 12 0.79
INT+XG 20 0.60 11 0.76 29 0.48 14 075 27 0.55 14 0.76
SB+KNN 24 0.13 12 0.68 31 -0.08 16 0.66 31 -0.02 16 0.65
SB+RF 25 0.39 11 077 28 0.32 14 076 29 0.24 14 0.76
SB+XG 24 0.36 12 0.76 30 0.27 14 0.77 31 0.22 15 0.75
MFREQ 28 -0.70 43 0.00 45 -1.53 49 0.04 45 -0.04 48 0.04
MEAN 40 -0.01 43 0.00 46 -0.04 48 0.02 45 -0.04 48 0.04

Table 4

Prediction performance in PM100. Lower MAPE values indicate better results,
highlighted in bold.

while for R? higher

values are preferred.

The best results are

minpcon avgpcon maxpcon

offline online offline online offline online
Approach MAPE (%) R? MAPE (%) R? MAPE (%) R? MAPE (%) R? MAPE (%) R? MAPE (%) R?
INT+KNN 38 -0.74 30 —0.20 22 -0.16 21 —0.05 38 -1.02 26 -0.01
INT +RF 37 -0.60 28 0.07 20 -0.14 20 0.02 28 -0.19 25 0.07
INT+XG 36 -0.34 27 -0.48 20 -0.06 19 0.07 25 -0.06 23 0.19
SB+KNN 36 -0.53 30 -0.21 22 -0.16 21 —0.05 34 -0.63 26 0.00
SB+RF 33 -0.10 28 -0.02 20 -0.05 19 0.08 25 -0.03 24 0.13
SB+XG 35 -0.23 28 -0.03 20 -0.05 19 0.08 26 -0.08 24 0.13
MFREQ 34 -0.72 28 0.03 30 -1.91 22 0.03 35 -1.89 26 0.01
MEAN 34 -0.20 28 0.03 22 -0.25 22 0.03 24 -0.13 26 0.01

best performing online models always score more than 0.07 (0.07 with
INT + RF in the minpcon prediction, 0.08 with SB + RF in the avgpcon pre-
diction, and 0.19 with INT + XG in the maxpcon prediction). Once again,
the s.o.t.a. solution (INT +RF in the offline setting) is outperformed by
all the models employed in the online setting.

No specific model emerges as the overall best across tasks. For the
minpcon prediction, we consider INT + RF as the best prediction model,
as it obtains the highest R? (0.07) and the MAPE value (28 %) is only
1% higher than the absolute best for this task, i.e., 27 % by INT +XG.
While SB+RF and SB + XG obtain the same best results in the avgpcon
prediction, we pick SB +RF, since its online setup requires a lower « (30
against 45 of SB+XG), as shown in Table 2. Finally, in the maxpcon
prediction, INT + XG obtains the lowest MAPE (23 %) and the highest
R? (0.19). The MFREQ and MEAN baselines obtain better results w.r.t.
the experiments on F-DATA, however, they are still outperformed by the
ML models.

Comparing Tables 3 and 4, it is clear that the MAPE values scored by
the prediction models on PM100 are slightly higher, while the R? values

are noticeably lower than those scored on F-DATA. This can be explained
by the differences in the job power consumption values in PM100. As
Fig. 4 shows, these values lie in a wider range (from few watts to almost
2000) compared to those in F-DATA (0-175 W), making the prediction
task significantly harder. Moreover, as already mentioned, the problem
is exacerbated by the fact that PM100 contains just a subset of the job
executions.

A final observation is that, in the online algorithm, SB and INT encod-
ings achieve similar results in both datasets. Despite being slightly less
accurate, SB encoding allows to preserve data privacy, as the models are
never trained on explicit user and job information. Moreover, the INT
encoding is strictly related to the system, because the way the original
values are mapped to integers is dictated by the historic information and
system specifics. Conversely, the SB encoding does not depend on any
previous knowledge on the jobs or the system. The SB encoding thus
offers a general solution to share data among systems for analysis (e.g.
clustering to find similar jobs or workload characterization) and transfer
learning studies, while not violating user privacy.
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User-level performance, for the minpcon prediction
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Fig. 8. Distribution of the MAPE per user for the minpcon prediction in both
datasets.

4.3.3. Comparison to [9]

As discussed in Section 4.2, the method proposed in [9] cannot be
compared to ours in a realistic setting. Nevertheless, we do this com-
parison under a different setting. First, we remove the jobs shorter than
one minute. Our solution neatly outperforms the other, in the predic-
tion of minpcon (MAPE of 27 % against 28 %, and 10 % against 17 %, in
PM100 and F-DATA, resp.), avgpcon (MAPE of 16 % against 17 %, and
9% against 17 %), and maxpcon (same MAPE of 23 %, and 9 % against
20 %).

Then we test the solution of [9] without removing any jobs. For the
reasons outlined in Section 4.2, many jobs cannot be evaluated. Still,
the method obtains a MAPE of 28 % and 17 % on PM100 and F-DATA
respectively for the prediction of the minpcon, a MAPE of 19 % and 23 %
for the prediction of the avgpcon, and MAPE of 24 % and 23 % for the
prediction of the maxpcon. Our solution reveals significantly better re-
sults on F-DATA (Table 3). On PM100 (Table 4), we obtain a slightly
lower MAPE for the prediction of the minpcon and maxpcon (28 % vs
27 % and 24 % vs 23 %), and same MAPE for the avgpcon prediction
(19 %).

Overall, our method outperforms that of [9] and is capable of gen-
erating a prediction for any type of job. As such, we can conclude that
our solution is more accurate, more robust and more suitable for real
production systems.

4.3.4. User-level evaluation

Figs. 8-10 show the distribution of the MAPE values of the predic-
tion models across all the users of the two datasets. For each prediction
task, we consider the best prediction model reported in Tables 3 and
4. We observe that in all the tasks, the majority of the MAPE values
obtained by the models on F-DATA are below 20 %, while on PM100
they exhibit higher density around 25 %. These values are in line with
the overall results presented in Tables 3 and 4. The results suggest that
our prediction algorithm can be effectively employed as a tool to inform
the end-users about the expected power consumption of their jobs. As
argued in [42], such a tool is fundamental to encourage the adoption
of greener systems where energy cost of jobs needs to be made explicit
and accounted for in the pricing scheme.

4.3.5. System power prediction

After testing the models at job level, we evaluate them at system
level. We do this for two reasons, (i) to see if our models are capable
of estimating the system power state accurately by considering only the
submitted jobs, and (ii) because the prediction error on a single job is
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User-level performance, for the avgpcon prediction
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Fig. 9. Distribution of the MAPE per user for the avgpcon prediction in both
datasets.

User-level performance, for the maxpcon prediction
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Fig. 10. Distribution of the MAPE per user for the maxpcon prediction, in both
datasets.

either an overestimate or an underestimate of the actual power con-
sumption, we believe that such errors might cancel out each other at
the system level, given the large amount of jobs running concurrently.

We consider all the jobs for which we computed the predictions, and
we group them based on the hour of the day when they were running.
For all the hours of all the days d € D, we compute the system power
consumption as the sum of the actual power consumption of all the run-
ning jobs. Then, we compute the daily system power consumption psys,,
as the average of all the hourly ones. By replacing the actual job power
consumption with the generated prediction, multiplied by the number
of nodes allocated to the jobs, we can also compute the predicted system
power consumption psys,;. We evaluate the numerical error of the pre-
dictions by computing the mean error score in Eq. 4, as defined in [7].
In addition, we also calculate the R? score.

Y

deD

|psysq — psysq|
psys,

* 100

mean error =

4
IDI G

In Figs. 11-13 we show the performance of the best online predic-
tion model for the prediction of the minimum, average and maximum
system power consumption. The plots illustrate the effectiveness of our
prediction models in forecasting system power consumption over time.
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Fig. 11. System true and predicted power for the mipcon prediction on F-DATA
(above) and PM100 (below) with the best prediction model.

On F-DATA, the models obtain an R? of 0.96, and a mean error of less
than 5%, across all the tasks. On PM100, the SB+RF is particularly
suited for the estimation of the average system power consumption, as
it obtains an R? of 0.99, and a mean error of 4%. The estimation of the
maximum system power consumption can be achieved effectively by the
INT + XG model, which scores an R? of 0.94, and a mean error of 8%.
The only case where our models fall short is the estimation of the mini-
mum system power consumption on PM100, where the INT + RF model
obtains a mean error greater than 27 %.

We believe that the prediction of the minimum system power con-
sumption is not more informative than the average and maximum, in the
context of system power management. The minimum system power con-
sumption can give an idea of the minimum electrical power required to
sustain the system load. However, this information can also be extracted
from the average and maximum power consumption, which represent the
average and maximum electrical power required, respectively. Whereas,
predicting the average and maximum system power consumption can be
instrumental to estimate the electricity cost for budget allocation, and
devise energy-based billing to charge users based on actual cost of their
job executions [42]. Moreover, these values can help avoid undesired
spikes in the system power consumption, which can potentially cause
power outages, or damages to the electrical grid. This information is
not retrievable from the minimum system power consumption.

The results suggest that our prediction algorithm can estimate sys-
tem power consumption effectively, even without explicit knowledge of
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INT+RF on F-DATA: R? = 0.96 mean error = 5.02%
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Fig. 12. System true and predicted power for the avgcon prediction on F-DATA
(above) and PM100 (below) with the best prediction model.

the system’s internal operations. Our approach can thus be instrumental
in identifying power efficiency trends and estimating system power con-
sumption without requiring extensive instrumentation or direct access
to system parameters.

4.3.6. Overhead

Another aspect to consider when working with an online prediction
algorithm is its overhead on the system operations incurred by model
training and inference time. Since a model is retrained at most daily, it
can be executed in the background or asynchronously from the system
operations not to interfere with the system normal functioning. Never-
theless, as Fig. 7 shows, the training time is negligible even in the worst
case scenario, where it would still be of less than 2 minutes. Instead,
the inference time is defined as the time required by the algorithm to
generate a prediction for a given job. For the approach to be practical
in a real production system, inference time should be as little as possi-
ble, not to slow down the system operations. One way to estimate how
little this time should be is to compare it to the average waiting of the
jobs in the system, i.e., the average time needed by the job scheduling
software to make a scheduling decision after the job is submitted. If the
inference time of the prediction algorithm is a fraction of the average
waiting time, then the prediction algorithm can be seamlessly integrated
in the workload submission pipeline.

We compute the average job waiting time for F-DATA and PM100 by
subtracting the scheduling time (i.e., the timestamp when the scheduling
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Fig. 13. System true and predicted power for the maxcon prediction on F-DATA
(above) and PM100 (below) with the best prediction model.

decision is performed) and submission time for all the jobs, and by com-
puting the average of these values. We notice that in both datasets, the
average value is greater than 10 minutes. In F-DATA, INT + RF (the best
model in all the prediction tasks) performs inference in less than 0.12
seconds. Similarly, in PM100, INT + RF in minpcon prediction infers in
0.07 seconds , and the same holds for SB+ RF in avgpcon (0.08 seconds)
and INT +XG in maxpcon (0.03 seconds). We note that these times in-
clude also the time needed for Data Preparation and Feature Encoding.
We can thus conclude that the prediction algorithm can be seamlessly
used in a production system, as its inference time is negligible w.r.t. the
average job waiting time.

We further evaluate the energetic overhead of our solution. Our al-
gorithm consumes very low power and energy. Specifically, in the host
machine, we observed power consumption of around 80 W during model
training/inference. The daily operations of the models are the training
plus the inferences on all the jobs. The average time to perform these
operations is less than 20 minutes a day, meaning that the daily energy
consumption of our solution is comparable to one of the shortest and
lowest-consuming Fugaku jobs. Considering that the load of production
systems (like Fugaku) is tens of thousands of job executions per day, we
can conclude that the energetic impact of our solution is negligible.

5. Limitations

In this section, we discuss the possible limitations of our approach.
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5.1. Job name feature

We acknowledge that a user may choose a meaningless job name (e.g.
testl, run4), which may not provide useful information for prediction
and possibly infer noise in the model training. A related consideration is
that users may execute jobs with the same job name using different input,
which may result in significant alterations in the job power consump-
tion. Our approach is explicitly designed to handle such cases gracefully
through the following mechanisms.

¢ Encoding robustness. In addition to traditional integer encoding
(INT), we leverage SBert-based semantic embeddings (SB), which
are robust to variations and can still capture latent similarities even
when job names are generic. For instance, SBert can distinguish be-
tween different contextual uses of the term “test“ if accompanied by
different environment descriptors, user profiles, or resource config-
urations.

e Multi-feature generalization. While job name, user, and environment
are indeed key features, they are never used in isolation. Our feature
set also includes quantitative parameters (e.g., # cores, # GPUs, mem-
ory requested, QoS class, partition, etc.) that capture hardware config-
uration and execution context. These features, together with periodic
model retraining in our online learning setup, help the model adapt
to job behavior-even when jobs with the same binary or job name
are launched with different input or configurations.

In essence, while semantic features help in identifying recurring job pat-
terns (e.g., within user batches), the model does not rely solely on tex-
tual job name, and we expect our approach to remain effective even
when such fields are ambiguous or repeated across users. We also note
that we are dealing with data of real production systems, where users
tend to name their jobs properly based on the application and its in-
put, to keep track of their experiments and for accountability reasons.
This was also observed by us in a preliminary inspection of the job name
values of the two datasets. Moreover, in both datasets, we have access
to the command feature, which reports the explicit command line used
to execute the job. In case of doubts on the validity of the job name,
our methodology can be adapted to use the command feature, so as to
have more reliable information on the application executed and its in-
put. However, we observed during the feature selection phase that, for
prediction performance, this feature is not more informative than job
name.

5.2. Aggregated job power consumption

In this work, we target the prediction of the minimum, average and
maximum power consumption of a job, aggregated throughout the job
execution and normalized on the # of nodes allocated to the job execu-
tion. Such an approach yields several advantages, as well as two main
limitations.

First, working with aggregated job power consumption (i.e., a sin-
gle floating-point value), instead of the full power profile (i.e., the full
time-series of power consumption values sampled periodically through-
out the job’s execution), allows for an easy characterization of the job
power consumption, which has been widely used for scheduling and ac-
countability purposes [3,42]. It is not always feasible to extract the full
power profile in production systems [25], and indeed F-DATA does not
include this information. A possible limitation of our choice is that the
temporal profiling of the job power consumption can be instrumental for
real-world scheduling. For instance, long-running jobs may present mul-
tiple execution phases, with very different power demands. Such an in-
formation would be important to perform more fine-grained scheduling
decisions, aiming at maximizing the resource utilization and minimizing
the strain on the system resources. The prediction of the full power pro-
file requires a completely different set of prediction algorithms, which
we plan to investigate in future work using the PM100 data.
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Second, normalizing the power consumption on the # of nodes allo-
cated to the job execution allows to make the prediction less error prone
and, again, it is a widely used representation for scheduling and account-
ability purposes [3,42]. However, this does not account for cases where
each node is operating on a different load, possibly resulting in signif-
icantly different power consumption across nodes. In future work, we
will explore job power consumption prediction on individual nodes by
applying our algorithms to the data of each node’s power consumption.

5.3. Job energy and duration prediction

As discussed in Section 3, our algorithm can be used to estimate
the job energy consumption, which is necessary for energy- and carbon-
aware scheduling algorithms [4,43]. This can be done by multiplying
the predicted job power consumption by the wall-time (maximum job’s
duration) set by the user. However, the duration set by the user is often
a huge overestimation [44]; hence the accurate prediction of the job’s
energy consumption requires the development of an auxiliary job dura-
tion prediction model, such as those proposed in [44,45]. To this end,
the creation of a job duration prediction algorithm, and the study of
the combination of different predictions, are separate research topics,
which are outside the scope of this work. So is also the evaluation of the
estimation of job energy consumption. We acknowledge that this can
partially limit the applicability of our prediction algorithm for schedul-
ing purposes. Nevertheless, the prediction of job power consumption
alone is already fundamental information for power aware job schedul-
ing [3,5] and enforcement of energy-aware practices [42] which do not
require the job duration as input. In future work, we plan to expand our
algorithm to also predict the job duration.

6. Conclusions

In this work, we presented a predictive algorithm to perform job
power consumption in HPC systems, before their execution. Our solu-
tion is designed to be deployed in an online context, aiming to be suitable
for a real production environment where job data from multiple users
are live and streaming in time. The algorithm relies on standard ML re-
gression models, which are re-trained over time to adapt to the change
of workload in the system and optimize prediction performance. The
accurate prediction of job power consumption, prior to their execution,
is fundamental to develop energy-aware workload management strate-
gies (e.g., job scheduling or resource allocation policies) to improve the
energy efficiency of the system [5,6] and foster environmentally sus-
tainable HPC practices.

We tested our prediction algorithm on two datasets extracted from
production HPC systems, namely PM100 and F-DATA. For each dataset,
we investigated the prediction of three different targets, namely the
minimum, average and maximum power consumption, per job. For each
task on each dataset, we empirically evaluated different algorithm set-
tings to find the one which yields the best prediction performance. To
this end, we experimented with different re-training frequency, amount
of training data and the ML model used. We demonstrated that, with
the optimal setting, our prediction algorithm is able to accurately pre-
dict minimum, average and maximum job power consumption across the
datasets, obtaining an error of less than 12% on F-DATA and less than
22% on PM100. The prediction model is also proven effective in pre-
dicting the whole system power consumption, which is fundamental to
devise strategies for system power management.

In future work, we foresee the integration of our solution in the
workload submission pipeline of a production system, aiming to drive
energy-aware workload management strategies to improve the environ-
mental sustainability of present and future HPC systems. Moreover, we
plan to investigate how variability modeling (e.g., via quantile regres-
sion or predictive intervals) and lightweight anomaly detection can be
integrated without compromising the online, fast-inference nature of
our pipeline, aiming to detect unexpected job behavior. An interesting
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direction is also the investigation of event- (such as the appearance of
new users or applications) or statistical drift-based re-training strate-
gies, rather than the daily one presented in this paper. Finally, we plan
to expand our algorithm to the prediction of other job execution char-
acteristics, such as duration, energy consumption and failure.
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