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Abstract—It is fundamental to design accurate workload power
prediction techniques to address environmental sustainability
challenges in modern high-performance computing (HPC) sys-
tems. While existing Machine Learning (ML) approaches are
effective, they retain some limitations in production environ-
ments. To address these, we introduce UoPC, a user-based
online framework for predicting job power consumption in HPC
systems. UoPC leverages ML-based predictive models tailored
for individual users, eliminating the need for voluminous data
and training. It offers a user-friendly Python implementation
suitable for both end-user usage and integration into workload
management systems. We evaluate UoPC on more than 1.3
million jobs executed on Fugaku,1 a supercomputer hosted at
RIKEN, demonstrating its effectiveness. It achieves only a 10%
prediction error, with minimal overhead on the system opera-
tions. By employing a k-nearest neighbours (KNN) prediction
model augmented with Natural Language Processing (NLP),
UoPC streamlines prediction processes for newly submitted jobs.
It requires only limited historical data, making it practical for di-
verse high-performance computing environments and workloads.

I. INTRODUCTION

High-Performance Computing (HPC) systems are funda-
mental to process vast amounts of information, as they pro-
vide powerful architectures capable of addressing the ever-
expanding computing needs of today’s society. On the other
hand, their increasing power consumption poses a significant
threat to their environmental sustainability [29]. Thus, opti-
mizing the energy efficiency of such systems is pivotal to
guarantee scientific progress, while reducing the operational
costs and environmental footprint [17]. This can be achieved,
for instance, by developing software-based techniques oper-
ating at the workload management level [9], [27], [31]. For
this approach, it is critical to accurately predict the power
requirements of HPC jobs to devise proactive power-aware
workload management strategies [1], [21], [26], [42].

Recent work has shown that Machine Learning (ML)-based
methods can be effective in a context where users continuously
submit their jobs to a system [5], [39]. The proposed solutions
predict the power consumption of a job before its execution,
leveraging only the information available at job submission
time and the historical data gathered on past job executions. To
adapt to the changes in the workload submission and provide
accurate prediction, the predictive models are employed online

1https://www.fujitsu.com/global/about/innovation/fugaku/

on live-streaming data by periodically retraining them on
recently submitted job data.

While these approaches are valid, they present some lim-
itations when employed in production environments. Model
training requires voluminous historical execution data of jobs
submitted by diverse users, as otherwise prediction effective-
ness can be compromised [28]. In a real system, however, it
is non-trivial to collect large amounts of data from multiple
users. This can be due to privacy concerns [22] or difficulties
in the data collection phase (caused by for instance different
privilege levels requirements and monitoring software valida-
tion procedures) [4], [7]. An observation is that in production
environments, users tend to submit jobs performing similar op-
erations (due to for instance running similar experiments) and
consequently with similar power consumption [40]. Hence,
job power consumption prediction using only the historical
data of its own user is likely to improve accuracy, while
eliminating the need for large amounts of data from various
users. However, there can be significant variances in the job
power consumption values of even a single user (due to for
instance change of experiments), which renders the prediction
task non-trivial, requiring a prediction model tailored to a
user’s behaviour and job execution characteristics.

Another limitation of the existing approaches is that they are
usually designed to be employed at the system level, without
taking into account the end-users. From a user perspective,
knowing the energy cost of their jobs is useful in systems
where power-based pricing strategies are in place [23]. It
has been argued that to encourage the adoption of greener
systems, the energy cost of jobs needs to be made explicit
and accounted for in the pricing scheme [10]. In this context,
users also need tools to estimate the power consumption of
their jobs before submission, for accounting reasons and to
better plan their workload.

To address the aforementioned limitations and challenges,
we introduce a new online framework UoPC to predict the
power consumption of jobs submitted to production HPC en-
vironments.2 Our contributions can be summarized as follows:

• We design UoPC, which exploits ML-based predictive
models. UoPC eliminates the need for model training and
large amounts of data. It builds a separate and simpler

2https://github.com/francescoantici/UoPC/settings
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model for each user by relying solely on the user’s data,
differing from the existing approaches.

• We provide an easy-to-use Python implementation of
UoPC, which can be either used by the end-users as a
stand-alone tool or integrated into the workload manage-
ment system to enable power/energy-aware job schedul-
ing strategies.

• We deploy UoPC for the Supercomputer Fugaku, a pro-
duction HPC system hosted at the RIKEN Center for
Computational Science, in Japan, and evaluate it on a very
large dataset of job runs on Fugaku, obtaining a prediction
error of only 10%, while incurring a small overhead on
the standard workload submission workflow.

UoPC exploits the k-nearest neighbours (KNN) [20] pre-
diction algorithm, which is non-parametric and thus does
not require model training. The KNN is augmented with
Natural Language Processing (NLP) tools to encode the textual
features present in the job data. The framework streamlines the
standard prediction process for a newly submitted job before
its execution, requiring only the information available at job
submission time and the data of k (which can be as low as
5) previous job executions by the same user. This makes our
approach more practical for production environments than the
existing solutions. Moreover, the implementation requirements
of UoPC transcend architectural boundaries, offering a solu-
tion applicable to different systems and workloads.

We tested UoPC on the job execution data of more than
1.3 million jobs submitted to Fugaku, by more than 700
different users between February and May 2024. Our experi-
mental results show that UoPC outperforms recent ML-based
solution in predicting the average and maximum job power
consumption while significantly reducing the overhead on the
system operation and the amount of historical data needed. Our
approach has also proven effective in predicting the system
power consumption, obtaining an error of only 4%.

The rest of the paper is organized as follows. After we
give the necessary background in Section II, we introduce
in Section III the UoPC framework. Then we discuss its
deployment for the Fugaku Supercomputer in Section IV
and present in Section V our experimental study. We finally
conclude in Section VI.

II. BACKGROUND

In this section, we first present the ML and NLP models
employed to predict job power consumption and then discuss
the related work.

A. ML Models

The Random Forest (RF) [11] is a well-known ensemble ML
algorithm leveraging several independent Decision Tree (DT)
model instances for regression tasks. The RF model is trained
on historical data to compute statistical correlations between
input feature values and a given prediction target. Each DT
is trained individually by tuning the internal parameters 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 individual DTs to overfit on the training data
and thus obtain less error-prone prediction performance, as
explained in [11]. In general, the RF benefits from having
a voluminous amount of past data, since the computation of
statistical correlation becomes more accurate for the given
sample.

The k-nearest neighbours (KNN) [20] is a widely used
instance-based algorithm for regression tasks. Contrarily to the
typical ML-based methods, it does not require a training set to
build a prediction model, since KNN does not rely on internal
parameters. During model building, it stores a fixed amount
of historical data points in a given feature space. Then, at
inference time, it computes 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.

Sentence Bert (SBert) is a state-of-the-art sentence em-
bedding 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 [15], [16]. Conversely, SBert
generates meaningful sentence-level embeddings, i.e. a 384-
dimensional floating-point array.

B. Related Work

Several past works tackled the job power consumption
prediction task through the analysis of workload data, but they
differ from our approach in various aspects.

In [12], [43], [48], the authors propose models using job in-
formation not limited to submission-time features. This makes
the prediction infeasible prior to job execution, and not suited
for our work. Instead, in [5], [8], [39], [40], the prediction is
performed leveraging only submission-time information, and
we limit the discussion of related work to such approaches.

In [8], [14], job average power consumption per node is
predicted via an RF model trained on historical HPC jobs data.
Also in [40] the RF is used to perform the task, and this time in
a user-based fashion, similar to ours. Both approaches train the
model only once, without updating the model with the most
recent data. This has been demonstrated to be less effective, in
terms of prediction accuracy, w.r.t. a prediction algorithm like
ours which is updated periodically on recent data [2], [3], [5].
Moreover, they train the model with a large amount of data
which may not be always available, as discussed previously,
especially per user. If we were to retrain the model, the
approach of [40] would be even more impractical in a real
system, which are used by hundreds of users. Hence, training
a model per user with a large amount of data would result in
excessive overhead on the system operations.

Similarly to our approach, in [5], [14], [39] the models
are updated periodically on more recent data, and in [5]
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Fig. 1. High-level functioning and components of UoPC.

SBert is exploited to encode job data. However, the predictive
algorithm of [5] uses the RF model while [39] relies on ex-
ponential smoothing of similar past jobs’ power consumption.
This approach relies only on categorical job features (user id,
group id, #tasks per node) and is shown to be outperformed
by an RF model trained only once on all the data (as in
[8]). In [5], [8] the authors evaluate the performance at the
system level as well. Our approach is more accurate than that
of [8], as they obtain an error around 9% against our 4%.
Concerning [5], they obtain a similar error on the average
system power consumption (around 4%), but our approach
is better for the maximum one (5% against our 4%). Despite
being more accurate than the previous works, both approaches
require a large amount of data from different users for training.

All the cited approaches are designed to work at the system
level, and they do not provide a tool for end-users. We instead
enable end-users to estimate the power consumption of their
jobs, while improving the prediction accuracy at the same
time. Finally, they all build their supervised models by merging
the data of all the users, while our approach keeps separate
the data of different users, thus preventing possible privacy
concerns related to data sharing.

III. UOPC FRAMEWORK

In this section, we describe UoPC’s functioning. We first
provide an overview of the framework, and then detail its
components and implementation.

A. UoPC Overview

UoPC is designed to predict job power consumption in a
real HPC system, where jobs are submitted and executed con-
tinuously, and various information regarding job submission,
execution and completion (referred to as job data) is streaming
in time. In this context, the prediction for a job before its
execution can be performed leveraging exclusively features
available at job submission, together with the historical data
of the jobs that are completed by that time.

The only implementation requirement for UoPC is the
presence of a data collection infrastructure gathering the job
execution data per user. Such an infrastructure should update
the user dataset with the record of completed jobs, including
all the features regarding job submission (such as requested

resources, user information, job name), job execution and
completion time (such as duration, #nodes allocated, and
power consumption). The user should be able to interact with
their dataset at any time. This is not a strict requirement,
since modern systems are typically endowed with monitoring
software that permits the collection of job data [24], [30], [41],
including power consumption [18], [32]. Moreover, systems
usually provide a user-friendly interface to this data [33]. For
users who are not system admins (usually the great majority),
such tools allow them to retrieve only their data, due to privacy
and security concerns. The data we require are restricted to
a single user, therefore both privacy concerns and technical
difficulties in the data collection do not represent a problem.

Practically speaking, our framework works as an inference
engine without having to train large statistical models. UoPC
takes as input the data of a new job submission. The high-
level functioning of its prediction algorithm for a new job is
presented in Figure 1. The main components of UoPC are:

• The SBert Feature Encoder, which takes as input a series
of job feature values and returns the encoded data to be
fed into the KNN Prediction Model.

• The KNN Prediction Model, which predicts the power
consumption of a new job based on the encoded job data
and the data of the past job executions of the same user.

We provide an easy-to-use Python implementation for
UoPC, which can be used as a stand-alone tool by the end-
user, or deployed in a workload management system. The
components are software components implemented as Python
classes, with a method for each functionality they provide.

B. SBert Feature Encoder

As job feature values are in a textual format, this com-
ponent converts them into a numeric format suitable for
the KNN Prediction Model. The conversion is performed
by the encode method of the class, which takes as input a
list of feature values describing the job at submission time
(e.g. “user_1","job_1","48","1","env_1,2000”). Internally, the
feature values are concatenated into a comma-separated string
(e.g. “user_1,job_1,48,1,env_1,2000”) and encoded with an
instance of a pre-trained SBert model. The final output of
the encode method is a 384-dimensional floating-point vector,
normalized in the range [-1, 1] (e.g. [-0.2,...,0.3]).
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Past work [3], [5] demonstrated that an NLP encoding
allows to extract more meaningful information from the job
data, in the scope of predicting HPC job characteristics. We
here identify additional advantages in terms of generality and
data protection. Jobs submitted to different systems, or to the
same system at different times, are likely to be described by
different feature sets. SBert does not require a fixed feature set
contrarily to typical ML models , thus can be used in a variety
of settings. Additionally, we note that users tend to consider
their job data sensitive and avoid its easy access and storage.
Ideally, they prefer their data to be obfuscated and not available
in a non-encoded format. SBert addresses this concern as it
projects the information on a latent space. Moreover, this step
complicates the association between the original user-sensitive
information and the encoded data used for training [47].

C. KNN Predictive Model

The prediction model we opt for is the KNN, and a specific
model instance is built for each user. Predicting a job power
consumption based on its user allows to maximize the accuracy
of the KNN algorithm, while minimizing the amount of data
needed, as explained in Section I. Moreover, it also makes the
framework suitable for systems where multiple user data may
not be available (e.g. cloud or edge).

At initialization, the class requires the user dataset3. Then,
it implements a predict method, which takes as input the
SBert-encoded job submission data and generates a power
consumption prediction for the job execution as follows:

1) The user dataset is queried to look for past job execution
data.

a) If the dataset has at least k data points, the al-
gorithm moves on to the next step. Otherwise,
the prediction cannot be performed, and an error
is returned; this is due to the constraint on the
minimum number of data points required by KNN.

b) Conversely, if the dataset contains more than θ data
points, we set a cap to the number of points that
will be passed to the KNN module, to keep the
inference time low (as applying KNN to a smaller
set of points is computationally faster). To do that,
we sort the data points by their completion time
(w.r.t. the job arrival time) and keep the first θ
points from the sorted list.

2) A KNN instance is built on the resulting past data, and
it is used to generate power consumption prediction for
the job execution.

The parameters k and θ are set by the UoPC user. Users’
model building and prediction are done in parallel.

In this paper, we focus on the job power consumption per
node. Nevertheless, the component can easily be configured
to predict power consumption at the CPU, GPU or memory
level. Moreover, the energy consumption of a job can be
computed as its average power consumption multiplied by its

3We consider the user dataset to be accessible in a tabular data frame format,
e.g. CSV, TSV, Parquet, JSON, etc.

duration. Therefore, UoPC can also be used to estimate the job
energy consumption per node as the predicted average power
consumption multiplied by the duration predicted by the user.

UoPC can also be used to estimate the power consumption
of the whole system at a given time t. The total power
consumption of a job can be computed as the predicted
job power consumption multiplied by the number of nodes
allocated. By summing the total power consumption of all the
jobs running concurrently at a given t, we obtain an estimate
for the system. We note however that this estimation concerns
only the job executions, as the total system power consumption
depends also on other factors, such as cooling system or idle
nodes power consumption.

D. UoPC Implementation

We provide an install script to install all the required
dependencies at the time of the first deployment. Then, a
predict script can be used to analyze job submission data
and perform the prediction; the script takes as input either
a series of comma-divided named parameters or a file from
which to read the feature values. The frequency of the pre-
diction depends on the use case. It can be called periodically
(e.g. after a certain number of jobs are submitted) or when
needed without any periodicity.

We provide a Docker [37] configuration, to distribute the
framework as a container and make it scalable through con-
tainer orchestration techniques, such as Kubernetes [13].

IV. UOPC DEPLOYMENT FOR FUGAKU

In this section, we present the deployment of UoPC for
Fugaku to experimentally evaluate the prediction algorithm.

A. Fugaku Dataset

To evaluate our prediction algorithm on real HPC jobs,
we extract the data of almost 3 million jobs executed on
Fugaku between December 2023 and May 2024 through a
specialized management software4 installed on the system.5

The software features job management operations (e.g. job
manager and scheduler), and enables the recording and storage
of information on the job executions.

Figure 2 shows the distribution of the job submission in
time. The number of submitted jobs is steadily higher than
10k per day, with a mean value of 20k jobs submitted per
day. The only exceptions are in the first days of February and
April, where scheduled system maintenance caused a system
shutdown. In Figure 3, we show the distributions of the number
of users, divided by their number of job data in the dataset.
Out of more than 700 users, the great majority has less than
500 job traces. This justifies and favors our approach, since it
can work well with a small amount of historical data.

Each job entry contains data concerning the job submission
(such as job name, submission time, requested resources,

4https://www.fujitsu.com/global/about/resources/publications/
technicalreview/2020-03/article10.html#cap-03

5To respect double-blind anonymization, the data repository will be dis-
closed upon acceptance.

4
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Fig. 2. Distribution of jobs submitted to Fugaku between Dec.’23 and May’24.

[5,50) [50,500) [500,5K) [5K,50K) [50K,500K)
# of jobs

0

50

100

150

200

250

300

# 
of

 u
se

rs

Fig. 3. Distribution of users, divided by the number of jobs in the dataset.

user information, and system state), job execution (such as
allocated resources and start time) and outcome (such as
waiting time, duration, outcome, and power consumption).
The job power consumption is recorded at the node level.
Since Fugaku’s job manager prevents node sharing among
jobs, the power consumption value recorded on a node depends
only on a single job execution and there is no interference
caused by other job executions (besides the typically shared
resources like storage and network). The final value of the
job power consumption is computed as the sum of the power
consumption values recorded on all the nodes allocated to the
job during its execution.

B. Data Preparation for Prediction

For our prediction task, we need to associate each job
with a set of features representative of its characteristics. In
general, the job power consumption depends on the computa-
tional operations performed and the amount of hardware used.

Fig. 4. Distribution of average and maximum power consumption per node
of jobs.

Consequently, jobs performing similar operations and having
a similar type and amount of hardware allocated, are likely
to have similar power consumption. As argued in [5], [34],
features like the job name and requested resources, are key in
identifying similar jobs, and consequently performing accurate
job power consumption prediction. Since we work with the
data of a single user, we exclude the username feature which is
common to all the job data. The feature set we use to represent
the job data is composed of job name, # cores requested, #
nodes requested, requested node frequency, and environment.
We chose this set based on past work [5] and upon empirical
evaluation of which feature set yields the best prediction.

As for the prediction target, we focus on the average and
maximum job power consumption, similarly to [5]. The power
consumption of a job is measured as the sum of the average
(avgpcon) or the maximum (maxpcon) power consumption
values recorded on each of the nodes allocated to the job dur-
ing its execution. Such values are normalized on the number
of nodes, allowing us to predict the power consumption of
each job as if it were running on a single node and makes the
prediction task less error-prone. This strategy was adopted in
past work [8], [35] and proven useful, especially in the context
of workload scheduling [25], [36].

In Figure 4, we show the distribution of the avgpcon and
maxpcon per job. The majority of the values lies in the
range of 40W-110W, with a maximum value located around
40W. For values greater than 140W, the avgpcon is shifted
to the left of maxpcon. This is explainable by the fact that
for a single job, the maxpcon is always greater or equal to
the avgpcon. Thus, jobs may reach a high peak of power
consumption (maximum), while maintaining a lower average
power consumption throughout their execution.

In Section I, we argued that while users tend to submit
similar jobs with similar power consumption values, a sig-
nificant variance may appear across these values. Figures 5
and 6 reveal that this is the case for the Fugaku users and
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their jobs. In both figures, we show only the top 45 users (out
of more than 700), i.e. the users with the largest amount of
job data in the dataset. This is done to ease the readability
of the plot, and also because such users submitted ∼ 85%
of all the jobs executed on the system in the studied period,
meaning that they are a relevant sample for analysis. Figure 5
shows the percentage of similar jobs per user. We say that
two jobs of a user are similar if they have the same job
name, # cores requested, # nodes requested, requested node
frequency, environment (following the features decided earlier
to represent similarity), and a difference of less than 5 Watts
in the avgpcon and maxpcon values. We observe that the
majority of the users submits more than 80% of similar jobs,
which supports the idea of user-based prediction.

Figure 6 instead shows the normalized (on the average value
per user) standard deviation of the avgpcon and maxpcon
values per user. We notice that for some of the users with
many similar jobs, the job power consumption values vary a lot
(up to more than 70% of the normalized standard deviation).
Conversely, some users with few similar jobs have indeed
low values of normalized standard deviation. We note that
exogenous factors (e.g. room temperature) do not significantly
affect power consumption of Fugaku jobs [44]. Hence, the
normalized standard deviation shown in Figure 6 depends
solely on endogenous factors, such as the resources allocated
to the job or the operations it performs.

These observations confirm that the prediction task is non-
trivial and that a proper prediction model tailored to a specific
user’s behavior and job execution characteristics is necessary.

C. Online Prediction Algorithm Implementation

We rely on the scikit-learn6 v1.2.1 Python library for
the ML models and use their default implementation (e.g.
Minkowski distance for the KNN). The SBert model is pro-

6https://scikit-learn.org/stable/
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Fig. 6. Normalized tandard deviation (on the average value per user) of the
power consumption values for the top 45 users. The two bars of a user are
placed one in front of the other.

vided by the sentence transformers library,7 while the weights
are pulled from Huggingface.8 We use the pre-trained model
all-MiniLM-L6-v29 since it provides the best trade-off between
prediction quality and speed [38].

To decide the k and θ parameters of the prediction
algorithm, we experimented with different values of θ
(50, 100, 200, 500, 1000, 2000, and 5000) and k (5, 10, 20, and
50). We observed that, for any value of θ, k = 5 always yields
the best prediction performance. Conversely, the prediction
accuracy stops increasing for θ > 500, while the inference
time grows up to several seconds. Hence, we set k = 5 and
θ = 500. UoPC is implemented and executed with Python
3.12, and the experiments are run on a machine with similar
characteristics to one of the supercomputer’s nodes (two AMD
EPYC 7302 CPUs with 64 cores and 512 GB of RAM).

V. EXPERIMENTAL STUDY

In this section, we experimentally evaluate the UoPC online
prediction algorithm and discuss the results.

A. Online Prediction Algorithm Evaluation

a) Metrics: To evaluate the prediction quality, we com-
pute the Mean Absolute Percentage Error (MAPE), and the
R2 score, between the actual value (prediction target) and
the predicted job power consumption value. The MAPE is
the mean of all absolute percentage errors on the predictions.
Conversely, the R2 score represents how much of the variation
in the target values is predictable from the model. R2 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 for a job

7https://www.sbert.net
8https://huggingface.co
9https://huggingface.co/sentence-transformers/all-MiniLM-L12-v2
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avgpcon maxpcon
Approach MAPE (%) R2 Avg Train Time (s) Avg Inf Time (s) MAPE (%) R2 Avg Train Time (s) Avg Inf Time (s)
User based (U-)
UoPC (U-KNN) 10 0.80 0 0.08 10 0.79 0 0.08
U-RF - - - - - - - -
All data (A-)
A-KNN 16 0.60 0 9 17 0.58 0 9
A-RF 14 0.76 2080 0.13 15 0.76 2080 0.13

TABLE I
RESULTS FOR THE avgpcon AND maxpcon PREDICTION TASKS. FOR MAPE LOWER VALUES INDICATE BETTER RESULTS, WHILE FOR R2 HIGHER

VALUES ARE PREFERRED. FOR TRAINING AND INFERENCE TIME, THE LOWER THE BETTER. A “-” MEANS THAT NO RESULT WAS OBTAINED IN A WEEK
OF COMPUTATION. THE BEST RESULTS ARE HIGHLIGHTED IN BOLD.

should obtain a MAPE lower than 20% [6], [46], and an R2

of at least 0.50 [40].
We also evaluate the prediction overhead to see how the

algorithm impacts the system workload submission workflow.
We define overhead as the computational time incurred by
the prediction algorithm. The overhead of any ML-based
prediction algorithm is composed of training and inference
time. We define training time as the average time needed
to train the model on the past data, and inference time as
the time required to perform a prediction for a single job.
When training is repeated periodically, it contributes to the
overhead. A practical algorithm should incur a small overhead
on the system operations, to be seamlessly integrated in the
default workload submission workflow. A way to evaluate
an algorithm’s overhead is to compare its inference time to
the average job waiting time (the time spent between the
submission and the insertion in the job execution queue). If the
first is negligible w.r.t. to the second, the algorithm would not
delay the job execution, hence it can be seamlessly integrated
in the system workload submission workflow.

b) Baselines: From the related work discussed in Section
II-B, we can conclude that RF is the the most used and
effective model to predict job execution characteristics. The
best results for power consumption prediction have been
obtained with the online algorithm presented in [5]. The
algorithm involves a daily rebuilding of the model, on the data
of the jobs executed in the last 60 days, from all the users.
This method is used as a baseline to show how our approach
performs with respect to the state-of-the-art. We employ both
RF and KNN (the predictive model of our algorithm) in this
algorithmic setting and refer to these baselines as A-RF and
A-KNN, with “A-” meaning all users’ data. To support that
our approach would incur significant runtime overhead if the
user-based models needed training, we also employ RF as
predictive model in our algorithm, which we refer to as U-
RF, with “U” meaning user-based. The algorithm of UoPC
thus corresponds to U-KNN. Finally, we consider a simple
baseline which predicts a job’s power consumption by fitting
a Linear Regression (LR) model on the power consumption
of the last k (i.e. 5) jobs executed by the same user.

c) Testing on historical data: To test on historical data,
we use the time information provided by the submit_time,
start_time and end_time features to simulate the actual time-
line of job submission and execution on a machine. We use

this temporal information also to guarantee that the data used
for model building always comes before in chronological order
the data of the test set. For a fair comparison, we evaluate both
approaches on the same test set. Since the baseline requires
60 days of historical data also during the first training, the test
set starts with the jobs submitted as of February 1st.

For the UoPC algorithm, we iterate over all the job data
and for every job j we perform prediction. To this end, we
create the user-specific dataset by selecting the jobs belonging
to the same user that were completed before the submission
of j. This guarantees a realistic set-up where the prediction
for a given job cannot be made with the data of future jobs.

Since both approaches require the SBert data encoding, we
create them initially for all the jobs executed before February
1st. Then, when we test a job j, we save its encoding to be
retrieved for future training and prediction. This is done not
to increase the overhead, as the encoding time for a single job
is negligible (2∗10−3 seconds), while it can be significant for
a set of training data. A similar time-saving mechanism can
be enacted when UoPC is deployed in a real system.

We employ both approaches to predict avgpcon and
maxpcon for every job, keeping them as two distinct learning
tasks. Finally, we compute the evaluation metrics on all the
predictions performed on the test set data.

d) System power consumption: We evaluate the predic-
tion quality also at the system level, as in [5], to understand
how accurately the prediction algorithm can reconstruct the
system power consumption, and whether it can be an effective
tool to predict the whole system power consumption by
analyzing only the submitted jobs. As discussed in [5], the
prediction error at the job level can be either an overestimation
or an underestimation of the actual power consumption. Hence,
such errors might cancel out each other at the system level,
given the large number 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 running jobs. Then,
we compute the daily system power consumption psysd, 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 psysd.
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Fig. 7. Distribution of the MAPE values per user for the avgpcon prediction.
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Fig. 8. Distribution of the MAPE values per user for the maxpcon prediction.

Differently from [5], we evaluate the numerical error of the
predictions by computing the mean error score in Equation
1, as defined in [8]. In addition, we also calculate the R2 score.

mean error =
1

|D|
∑
d∈D

|psysd − psysd|
psysd

∗ 100 (1)

B. Experimental Results

a) Job power consumption prediction: In Table I, we
show the prediction performance of UoPC (U-KNN) and the
baselines defined in Section V-A. We exclude LR from the
table as it obtains a very high MAPE (> 100%). As expected,
U-RF turned out to be computationally expensive and did not
terminate within a week, even when experimenting with less
DTs (50 and 75) than the default (100). We conclude that
the method is not suited to a production environment. As A-
RF outperforms A-KNN both in prediction performance and
overhead, from now on we consider A-RF as the only baseline.
While both UoPC and A-RF lead to accurate power con-
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Fig. 9. MAPE per user of the avgpcon prediction for the top 45 users. The
bars are placed one in front of the other.
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Fig. 10. MAPE per user of the maxpcon prediction for the top 45 users. The
bars are placed one in front of the other.

sumption prediction, our algorithm outperforms the baseline
for both the avgpcon and maxpcon prediction tasks. In the
avgpcon task, our algorithm improves the MAPE score of the
A-RF by 40%, going from 14% to 10%. It also improves the
R2, from 0.76 to 0.80. For the maxpcon, the MAPE of our
approach is stable at 10%, while it slightly increases to 15%
for the A-RF baseline. The R2 of our approach is 0.01 lower
in the avgpcon, however, it is steadily higher than the baseline
value of 0.76. These results show that our approach not only
obtains a very low prediction error in general terms but is also
more accurate than A-RF.

In Figures 7-10, we compare UoPC against A-RF across
single users. Figures 7 and 8 show the distribution of the
MAPE values of the approaches on all the users. We observe
that the majority of the MAPE values obtained by UoPC is less
than 10%, while A-RF obtains generally higher MAPE values.
This means that overall, A-RF obtains a higher error w.r.t.
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UoPC. This is highlighted also in Figures 9 and 10, where
we show the MAPE obtained by the two approaches on the
top 45 users (as in Figure 6). Here we notice that except for
a couple of users (where the A-RF error is anyway similar),
UoPC obtains a significantly lower error on the single users.

The high R2 score obtained by our approach outlines its
capability to accurately predict the variability in the power
values. To observe this, we split the jobs based on their actual
power consumption into power ranges of 20W. We then plot
in Figures 11 and 12 the distribution of the ground truth and
the predicted values in each range using both approaches. We
observe that the UoPC distributions are more aligned with
the ground truth w.r.t. to the A-RF ones. This is particularly
noticeable in the ranges [100, 140) and [20, 40), which is also
the most populated range, as shown in Figure 4. Both A-RF
and UoPC struggle in the ranges [160, 180) for the avgpcon
task, and [140,160) for the maxpcon prediction tasks. This
can be explained by the low density of data in such areas, as
shown in Figure 4. Nevertheless, UoPC still approximates the
distribution better than A-RF.

b) Amount of data required: In Figure 13, we show the
average amount of job execution data per month used by
the prediction algorithms. The amount used by the UoPC
algorithm is computed by summing the dimensions of all
the user datasets used during prediction. We observe that the
amount needed by the A-RF is always over 1.1 million job
traces, while UoPC requires around 800k data points. Even
with fewer data, UoPC outperforms A-RF.

c) Overhead: In Table I, we also compare the overhead
of the two approaches. Since the A-RF baseline requires
daily retraining, we report the average daily training time.
Our approach does not require a training phase, and the only
overhead is the inference time. We observe that the training
overhead of the A-RF is non-negligible, as it is more than half
an hour per day. Thus, our approach saves time and resources,
while resulting in a more accurate prediction.
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Fig. 13. Average amount of data per month used by the prediction models
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The inference time of the two approaches is comparable
and negligible compared to the average job waiting time in
the system (up to 3 minutes). However, our algorithm still
manages to predict in almost half of the A-RF time, 0.08
seconds against 0.13. Considering an average of 20k job
submissions per day, if both approaches were to be deployed in
a real system to analyze all the jobs systematically, the average
daily inference time would be around 45 minutes for the A-RF
and around 25 for UoPC. We note that these numbers reflect
the worst-case scenario where 20k jobs arrive in the system
simultaneously and need to be processed right away.

d) System power consumption prediction: Figures 14 and
15 compare the estimated system power consumption values
with UoPC and A-RF to the actual values for both the avgpcon
and maxpcon tasks. The drops in values are due to the system
shutdown, as can be seen also in Figure 2. We observe that
UoPC outperforms A-RF both in terms of mean error and R2
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Fig. 14. System power consumption prediction for the avgpcon task.

in both tasks. It obtains an R2 greater than 0.97 and an error
smaller than 5% for both tasks, meaning that our approach is
accurate enough to be used to predict the system-level power
consumption. We note that UoPC’s purpose is not to predict
system-level power consumption; however, given its accuracy,
such a prediction can be instrumental in guiding power-aware
scheduling strategies in power-constrained systems.

C. Discussions

Our experimental results show that, with respect to the state-
of-the-art ML methods using all users’ data, UoPC obtains
better predictions (lower MAPE), while incurring a smaller
overhead and requiring less amount of data. An important
consideration is that even if the improvement in the MAPE
value is low, it can have a big impact when the prediction is
used, for instance, to estimate the energy consumption of a job.
In the Fugaku data, the average job duration is 10k seconds,
while the average job power consumption is 5576W. If we
consider job energy consumption as job power consumption
multiplied by its duration, a prediction more accurate by just
1% would lead to a more precise job energy consumption
estimation of around 156Wh. Considering this at the system
scale, where on average 20k jobs are submitted per day, the
improvement reaches around 3,000kWh. To put this number
in perspective, the average US household energy consumption
is 30kWh per day [45]. Hence, an improvement of 4% and
5%, respectively, in job power consumption prediction tasks,
can be a highly significant achievement. For instance, when
using a more accurate model in a scheduling algorithm, the
scheduling decisions would allow for more energy savings and
better performance for each job execution.

We validated our approach on another dataset (PM100)
[4] extracted from Marconi100, a heterogeneous system with
GPUs mounted on the nodes. The job power consumption
data includes the GPU power contribution, and we tested
UoPC on predicting the total power consumption, not just the
CPU’s power usage. Such values span from a few watts to
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Fig. 15. System power consumption prediction for the maxpcon task.

more than 1kW, making the prediction task significantly more
challenging. A summary of the obtained results is shown in
Table II, similarly to those presented in Table I. Again, our
algorithm improves A-RF (which is again better than A-KNN).
In the avgpcon task, UoPC obtains a MAPE of 18% against
a MAPE of 20% in A-RF, while not requiring model training
and just using a fraction of the data. UoPC also obtains a better
R2 score (0.11 against 0.07 of A-RF). For the maxpcon, while
the MAPE of our approach increases to 22%, it is still lower
than 24% of A-RF, with the R2 value being 0.13 in both cases.
These results confirm that UoPC is a valid approach for other
systems as well, including those with GPUs. UoPC does not
require any structural changes to be adapted to other systems;
only a preprocessing step is needed to account for potential
differences in the job feature sets.

One limitation of our approach is that a prediction cannot be
performed until the kth job execution of a user. However, k
can be set to lower values to minimize this inconvenience.
Alternatively, UoPC can be coupled with a simple linear
regression model or with A-RF (when it is possible to obtain
all the user’s data), until the user executes the kth job. Another
limitation could be that our approach has been tested on jobs
executed in exclusive mode. However, as described in [4], no
current method can accurately determine jobs’ node power
consumption when jobs run concurrently, hence no public
dataset offers such data. If future monitoring of resources
enables precise job attribution, UoPC could be easily modified
for this goal.

Finally, we note that UoPC can be seamlessly modified
to predict other job features, such as job failure, duration,
and performance metrics. These predictions can be used
in conjunction with power consumption prediction to make
informed decisions on job scheduling.

VI. CONCLUSIONS AND FUTURE WORK

We presented UoPC, a user-based online framework to
predict job power consumption in HPC systems. UoPC offers a
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avgpcon maxpcon
Approach MAPE (%) R2 Avg Train Time (s) Avg Inf Time (s) MAPE (%) R2 Avg Train Time (s) Avg Inf Time (s)
User based (U-)
UoPC (U-KNN) 18 0.11 0 0.07 22 0.13 0 0.07
U-RF - - - - - - - -
All data (A-)
A-KNN 22 -0.1 0 0.18 27 -0-03 0 0.18
A-RF 20 0.07 400 0.12 24 0.13 400 0.12

TABLE II
RESULTS FOR THE avgpcon AND maxpcon PREDICTION TASKS ON PM100 DATA. FOR MAPE LOWER VALUES INDICATE BETTER RESULTS, WHILE FOR
R2 HIGHER VALUES ARE PREFERRED. FOR TRAINING AND INFERENCE TIME, THE LOWER THE BETTER. A “-” MEANS THAT NO RESULT WAS OBTAINED

IN A WEEK OF COMPUTATION. THE BEST RESULTS ARE HIGHLIGHTED IN BOLD.

practical solution to address the limitations of alternative, ML-
based predictive approaches, which render them impractical
in production systems. These limitations are i) the need for
voluminous historical data from diverse users to train the
models, and ii) the lack of support for usage by end-users.
Our approach is based on the KNN, which is a non-parametric
supervised ML algorithm. The prediction is performed before
the execution of a job, and it requires only the job features
available at submission time and the historical job execution
data, which can be as low as 5 as a quantity. We provide an
easy-to-use Python implementation, which allows UoPC to be
used either by end-users as a stand-alone tool to evaluate the
power requirements of their job executions, or integrated into
the workload management system to enable power/energy-
aware job scheduling strategies. As the implementation re-
quirements transcend architectural boundaries, UoPC can be
easily adapted to other environments (e.g., cloud, edge, fog).

We deployed UoPC for the Supercomputer Fugaku and
tested the online prediction algorithm on the execution data
of more than 1.3 million jobs submitted by more than 700
different users. The experimental results demonstrate that our
solution consistently outperforms the best representative of
the existing approaches in terms of prediction accuracy and
overhead on the system operations. We obtain an error of
10% when working at the level of single jobs, and 4% when
working at system level. This means that UoPC is suitable for
usage by end-users and for enabling the adoption of energy-
efficient solutions for cluster systems. Even though we did not
explicitly address the privacy concerns, we highlight another
positive aspect of our contribution: our approach can make
predictions for a specific user by using exclusively that user’s
data, hence it naturally preserves the privacy of each user.
This is an important feature where data is very sensitive and
cannot be shared among different users.

In future work, we will look into obtaining more fine-
grained job data (e.g., the MPI-version, the loaded libraries, the
values of the environment variables) to improve the prediction
performance. We also plan to explore the integration of UoPC
into a workload submission pipeline, aiming to leverage the
predictions to optimize the energy efficiency of HPC systems.
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