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Abstract. High-performance computing is pivotal for processing large
datasets and executing complex simulations, ensuring faster and more
accurate results. Improving the performance of software and scientific
workflows in such environments requires careful analysis of their compu-
tational behavior and energy consumption. Therefore, maximizing com-
putational throughput in these environments, through adequate software
configuration and resource allocation, is essential for improving perfor-
mance. The work presented in this paper focuses on leveraging regression-
based machine learning and decision trees to analyze and optimize re-
source allocation in high-performance computing environments based on
application’s performance and energy metrics. Applied to a bioinformat-
ics case study, these models enable informed decision-making by select-
ing the appropriate computing resources to enhance the performance of
a phylogenomics software. Our contribution is to better explore and un-
derstand the efficient resource management of supercomputers, namely
Santos Dumont. We show that the predictions for application’s execu-
tion time using the proposed method are accurate for various amounts of
computing nodes, while energy consumption predictions are less precise.
The application parameters most relevant for this work are identified and
the relative importance of each application parameter to the accuracy of
the prediction is analysed.

Keywords: Machine learning - High-performance computing - Scientific
applications - Bioinformatics - Resource management.
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1 Introduction

High-performance computing (HPC) resources are pivotal for processing large-
scale datasets and conducting intricate software simulations in several fields,
such as bioinformatics, physics, and chemistry. Adequately allocating and effi-
ciently using these resources is important to achieve optimal performance while
controlling energy consumption. As HPC systems handle increasingly complex
workloads, minimizing energy usage while maximizing computational through-
put becomes essential, as data centers account for 2% of the global energy con-
sumption as of 2020, and is expected to increase to 10% by 2030°.

Machine learning (ML) techniques, such as regression-based prediction and
decision trees, are employed to analyze logs generated from the execution of
scientific software to predict their computational behavior on different resources.
Such predictions, if accurate, are key to allocating the adequate type and amount
of computational resources to ensure efficient execution of that software. We
propose an initial regression ML model, which configures application’s execution
and predicts the best computational resources to improve its execution time and
energy efficiency for HPC environments.

The bioinformatics tool RAXxML 8.2.12 [3] is used as case study, executing on
the HPC resources of the Santos Dumont supercomputer (SDumont) ¢. The aim
is to optimize resource allocation for bioinformatics workloads using the proposed
regression model, based on decision trees, thereby improving performance and
reducing energy consumption. By leveraging data from past executions and sys-
tem parameters, informed decision-making is enabled when configuring RAxML
executions. These predictive capabilities enhance phylogenomics application per-
formance and ensure efficient HPC resource management.

The proposed ML approach uses logs from previous RAxML software execu-
tions to identify the most relevant parameters for the decision-making process.
This includes application information such as the number of threads, nodes, and
dataset sizes [5] [8]. The study explores how these optimizations improve effi-
ciency and conserve energy, establishing regression-based prediction as pivotal in
advancing HPC resource allocation. This approach can potentially be applied to
other life sciences fields, such as computational biology and molecular evolution,
on advanced infrastructures like SDumont.

Considering the aforementioned scenario, this study evaluates regression mo-
del predictors using real data from scientific application executions. Our contri-
butions include: (7) identifying key parameters — related to software, compu-
tational architecture, and datasets - for predicting execution time and energy
consumption in bioinformatics applications using machine learning; (i) demon-
strating the impact of the important input variables on predictor accuracy; and
(#i7) assessing predictor accuracy in a real bioinformatics scenario on a produc-
tion HPC system.

5 https://www.iea.org/energy-system /buildings/data- centres- and- data- transmission- networks
6 https://sdumont.Incc.br/



This paper is organized as follows. In Section 2, related works are presented,
in Section 3 we recall the definitions of regression predictors and bioinformat-
ics. Section 4 describes the prediction ML models and the data used for our
experiments, and how we have recovered the needed data that was not directly
available. Section 5 presents the numerical results and Section 6 provides the
conclusion and final remarks.

2 Related Work

This work explores the impact of different configurations of the bioinformatics
software RAxXxML on its performance and scalability in Santos Dumont. A ma-
chine learning (ML) approach is utilized to choose the best configuration and
adequate resource allocation in supercomputers. Features such as the node type,
a number of cores, input data size, and RAxML performance measurements were
used as training data for the ML model, similarly to other work in this field.

In [19], a performance analysis of the parallel versions implemented in RAXML,
supporting the Hybrid version as the most efficient, is presented. [20] present
a comparative analysis between the PhyML, IQ-TREE and RAxML/ExaML
programs, concluding that RAxML, in addition to being more scalable, gen-
erates better-quality tree topologies. This paper explores the performance of
RAxML in the SDumont supercomputer, exploring environment configurations
and RAxXML settings (as bootstrap values and data size features) that influ-
ence executions. They are complementary work since exploring HPC software
as RAxML presents several challenges, such as coupling to HPC infrastructures
to demonstrate performance behavior and scalability for processing parallel and
distributed executions.

The adequate allocation of computing resources to scientific software has
been extensively studied. The authors of [11] propose an ML model that can
deal with a large set of attributes related to both the work being performed and
the HPC system. An extension to the Predicting Query Runtime algorithm is
also proposed for the regression problem, which chooses the best learning model
for the data related to the leaves of the tree. With this method, the authors
could predict execution times, memory and disk usage for BLAST and RAxML
applications, the latter also evaluated in our study. However, the reliance on
various specialized models with varying accuracies indicates that the effectiveness
of the proposed approach can vary based on the characteristics of the data and
the application.

The authors of [12] evaluate multiple linear regression and neural network
models for building performance models to predict tasks’ execution time, similar
to our work. As in other studies, metrics were collected during the execution of
the work and were then used to train the models. The difference in the authors’
proposal is that ML is used in two stages. The first stage comprises a trained
model with the collected metrics, which is then used to predict a subset of the
most relevant metrics. In the second step, the most relevant metrics are used to
build the performance model to predict task execution times effectively. However,
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while improving prediction accuracy for specific cases, the two-step ML approach
and the extensive feature selection process introduce significant complexity and
computational overhead.

The authors of [13] use supervised and unsupervised machine learning tech-
niques to predict the waiting times of jobs in the execution queues of HPC
management systems. The data used as input to the models was collected from
a history of real jobs performed in the system. Correct management of execution
queues is critical for the efficient use of system resources and for an adequate
waiting time during which tasks wait for their turn to be executed. To achieve
this objective, two approaches were used: a classification model to predict the
time intervals in the queues and a regression model to predict the effective wait-
ing time for each job to be executed. However, the model accuracy was inconsis-
tent across all queues, even with a model specialized for each queue type. This
inconsistency indicates that queue-specific models may not always offer a clear
advantage over a unified model that handles all queues collectively.

The authors of [14] evaluate several machine learning techniques to predict
the execution times of jobs in queues of HPC systems. The work proposes and
evaluates a two-stage prediction method, with the main objective of assessing
the accuracy of various types of models: general models based on the flow of
work submitted to the system, or specialized models based on the character-
istics of each job. The authors point out that certain ML techniques did not
consistently outperform others and may struggle to handle dynamic changes in
workload patterns over time. The temporal variability in the data can impact
model accuracy, indicating a need for more robust methods to adapt to changing
conditions in HPC environments.

The authors of [15] focus on evaluating the performance and resource alloca-
tion for MPI applications on HPC systems. To this end, low-level information,
such as branch counters, loops, and communications between MPI processes, are
collected through the automatic instrumentation of the application. Using this
data, an ML model based on Random Forests is trained with the collected data
and then used to predict the execution time of an MPI application for a new,
unused input. However, in environments where low-level application data is not
available or difficult to collect, the effectiveness of the models is compromised.

3 Background

3.1 Machine Learning for time and energy prediction

Machine learning regression-based prediction models can play an important role
in optimizing performance and energy consumption in HPC environments. These
models can predict and manage energy consumption in HPC workloads, aiming
to reduce energy use in supercomputers without compromising the performance
of software and resource and task management systems [9]. They utilize sta-
tistical algorithms to predict outcomes based on historical data—for example,
forecasting computational time and energy usage of applications based on prior



resource allocations. In HPC environments, where efficient resource management
is crucial, regression models provide accurate forecasts of performance metrics,
facilitating more effective energy management.

Regression Model Formulation

The Extra Trees Regressor (ETR) [1], a machine learning technique, enhances
traditional decision tree algorithms by introducing randomness in feature selec-
tion and split points. This randomness reduces variance and improves the model’s
generalization ability to unseen data, enhancing predictive accuracy and relia-
bility in complex HPC environments. This model was chosen due to the advan-
tage of not requiring fine-tuning of settings to achieve competitive performance
compared to other models with the same purpose. Additionally, it provides an
estimate during the training of the degree of influence of each input variable on
predicting the output variable, which is useful for assessing the importance of
input parameters in predicting output variables.

The ETR predicts the target variable y based on features X. The model
fits multiple decision trees on various subsets of the dataset and averages their
predictions to improve robustness and reduce overfitting.

Cross-Validation

Resampling methods such as cross-validation can be employed to evaluate the
performance of the ETR. This technique involves training and evaluating the
model on distinct datasets by dividing the original sample into training and
testing sets. The k-fold cross-validation method splits the dataset into k subsets
of similar size. One subset is used as the test set, while the remaining k-1 subsets
are used to train the model. After training, the model is evaluated using the
test set and an evaluation metric, such as the Mean Absolute Error (MAE).
This process is repeated n times, with new formations of the subsets in each
iteration, ensuring a robust evaluation of the model’s performance. At the end
of the iterations, the values of the evaluation metrics obtained in each iteration
are used to calculate the average, providing a stable and reliable estimate of the
model’s performance across different data subsets [10].

The Mean Absolute Error (MAE) [7] is a metric used in regression problems
to evaluate a model’s accuracy. The MAE is calculated by summing the absolute
differences between the predictions and the actual values, divided by the total
number of observations. The lower the MAE value, the better the model’s per-
formance, indicating that the predictions are closer to the actual values. It can
be calculated as follows:

1 n
MAE = =S ys — 4
n;ly 3il

where n is the number of samples, y; is the true value, and g; is the predicted
value for the ¢-th sample.
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3.2 RAxML for parallelized phylogenetic analysis on multi-core
architectures

RAxML (Randomized Axelerated Maximum Likelihood) [3] is a leading software
for phylogenetic analysis, using advanced maximum likelihood algorithms. Its
standout feature is a rapid tree search algorithm that consistently yields trees
with optimal likelihood scores, supported by robust parallelization capabilities
across various computing environments. RAxML offers fine-grain parallelization
using PThreads for multi-core systems and coarse-grain parallelization via MPI
[16] for independent tree searches. The hybrid MPI/PThreads version combines
these for enhanced efficiency. Sequential mode suits small to medium datasets in
phylogenetic experiments, while parallel versions (MPI, PThreads, or Hybrid)
optimize large dataset processing in phylogenomics [3].

RAxML utilizes SSE3, AVX, and AVX2 instructions so that vectorization
improves the performance of likelihood and parsimony computations on CPU
resources. PThreads’ efficiency in parallelization depends on genome alignment
length, performing optimally with longer alignments but strongly influenced by
hardware specifics. The RAxML computational efficiency is further impacted by
data complexity; datasets with more states (e.g., 4 for DNA, 20 for amino acids)
require fewer site patterns per thread/core for effective parallel execution. More-
over, computational demands vary between models; the GAMMA [17] model
necessitates more computations compared to the CAT model, which requires
approximately one-fourth the computational resources of GAMMA [8].

4 Computational Time and Energy Prediction of the ML
Model

4.1 The SDumont Supercomputer

We performed an empirical study using data from a real bioinformatics database
provided by the LNCC Bioinformatics and SENAPAD groups, utilizing the San-
tos Dumont (SDumont) supercomputer located in Rio de Janeiro, Brazil. This
system offers a processing capability of 5.1 Petaflops and consists of 36,472 CPU
cores distributed across 1,134 computational nodes, which are interconnected by
a high-speed, low-latency Infiniband network. The experiments were conducted
on SDumont using base nodes equipped with two Intel Xeon E5-2695v2 CPUs
(24 cores, 64 GB RAM). Job management was handled by the Slurm Workload
Manager (v17.02) [6]. For more detailed information about SDumont, please visit
7. The bioinformatics application utilized in our study is the phylogenomics soft-
ware RAXML 8.2.12, compiled with AVX to enhance computational efficiency,
and operated in MPI/PThread mode [3].

" https://sdumont.lncc.br/



4.2 The Dataset Aquisition for ML

The dataset for training the ML model was obtained from multiple runs of
RAxML, capturing data on runtime, memory usage, and energy consumption
while varying the input file sizes, bootstrap values, and computational settings
at SDumont, including threads and nodes. Although trained with data from
HPC environments, the training takes place outside these environments, aim-
ing to optimize resource allocation without adding overhead to job processing.
The bootstrap method, used in phylogenetic studies to create multiple simulated
samples, helps build more accurate phylogenetic trees. Although increasing the
number of bootstrap replicas enhances the phylogenetic analysis, it also increases
the demand for processing time and computational resources. We used fifteen
genomes of the Dengue virus (DENV) from four serotypes (DENV 1-4), origi-
nating from countries like Mexico, USA, Venezuela, Peru, Colombia, and Brazil,
ranging from 98,484 to 1,158,854 bytes with alignment lengths between 10,782
and 11,145. Details about the genomes are available in the Table 1. Variations
in bootstrap parameters were 10, 100, 1,000, and 2,000, and the number of SDu-
mont nodes used varied between 1, 5, and 10, and threads per node ranged from
2,4, 8,12, to 24 to accommodate different processing demands.

RAxML behaviour was logged throughout January 22 to March 31, 2024, in-
cluded five iterations of RAxML executions in experiments, with computational
data collected using Slurm’s sacct [18] command. With sacct we gathered most
important metrics for a preliminary study, such as CPU time, allocated memory,
and energy consumption, all of which were stored in a CSV file and used as input
variables for creating the training database for the ML model.

Table 1. Features for Fifteen Dengue Virus (DENV) Genome Serotypes

Serotype|Country |Genomes|Size (bytes)| Length (nt)
1 Mexico 105 1,158,854 10,911
1 SouthAm |70 772,474 10,925
1 Nicaragua|69 766,479 10,973
1 Brazil 43 484,520 11,145
1 USA 34 377,019 10,949
1 Colombia |17 187,026 10,881
2 Venezuela |46 513,885 11,043
2 Peru 26 287,037 10,903
2 Mexico 22 242,689 10,910
2 Colombia |18 198,574 10,904
3 Peru 48 528,982 10,880
3 Colombia |21 231,143 10,887
4 Brazil 61 675,852 10,945
4 USA 25 272,549 10,782
4 Colombia |9 98,484 10,826
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4.3 Identifying the Important Input Variables

After reconstructing the detailed information about application behaviour, we
identified and included seven candidate output variables that are most relevant
for predicting execution time, energy consumption, and memory usage. Table 2
presents a summary of these seven output variables.

We applied supervised machine learning to predict time, memory usage, and
energy consumption based on input variables. The ETR model from the Scikit-
Learn library [2] version 1.2.2 was chosen for its ability to provide accurate
estimates for output numerical variables without the need for fine-tuning, and
also for elucidating the importance of input variables. ETR operates with multi-
ple decision trees that work independently, and their average predictions tend to
be more accurate and robust than those of a single tree. Each tree in the model
develops decision rules from input variables, helping to understand how they
influence the outcomes. We used ETR with its default configuration, consisting
of 100 trees and unlimited depth, allowing the trees to grow until the leaves are
pure or contain fewer than two samples.

Table 2. Output Variables in Model Prediction Analysis

Output variables |Information

MaxVMSize Maximum virtual memory size allocated.

AveVMSize Average virtual memory size used by the job if paging or
swap was utilized.

MaxRSS Maximum RAM memory size allocated.

AveCPU Average CPU time, which is the average time multiplied by
the number of available cores.

CPUTime Total CPU time, which is the total time of one core multiplied
by the total number of cores available.

Elapsed Total job duration.

ConsumedEnergyRaw |Total energy consumed by all tasks in a job, in joules.

We utilized this algorithm on the dataset to predict output variables such as
time, memory, and energy consumption, while identifying the input variables for
prediction. As an illustration of the results, Fig. 1 presents the importance scores
of these input variables. The figure shows boxplots of scores for all attributes of
the model (input variables), displaying minimum, median, mean, and maximum
scores. Each input variable is represented by a colored boxplot: green for number
of Node, orange for number of Thread, blue for Bootstrap, and pink for input
dataset Size.

The input variables, listed in descending order of importance based on the
average scores (green triangles), are: Size, Bootstrap, Thread and Node. The
analysis reveals that the Node variable exhibits the least dispersion, indicated
by a narrow interquartile range, suggesting low uncertainty in its importance.
In contrast, the Thread and Size variables show significant interquartile ranges,
suggesting that their importance can vary widely depending on the predicted
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Fig. 1. Boxplot of score of the input variable importance.

output variable. This may be expected since the threads and dataset size an
application uses doesn’t necessarily mean it is compute intensive, which woreld
translate into longer execution times and higher energy consumption. Thus, it
is expected that there may be a low correlation between these variable and the
time and energy that the model attempts to predict.

Addressing the previous query, Fig. 2 provides a detailed view of the average
relative importance, allowing for the assessment of each input variable’s impor-
tance to the predicted output variable. The figure displays importance values
on the X-axis, output variables on the Y-axis, and uses bars to represent the
importance of each input variable: blue for Bootstrap, green for Node, pink for
Size and orange for Thread.

Bootstrap Node Size Thread

MaxVMSize 1
AveVMSize 1
AveCPU 1

Elapsed
CPUTime 1
MaxRSS A
ConsumedEnergy

0.0 0.2 0.4 0.6 0.8 1.0
Importance

Output variable

Fig. 2. Importance scores of input variables by output variable.

It was observed that Thread emerges as the most influential input variable in
the regression for MazVMSize and AveVMSize output variables, whereas Node
shows the least importance. Conversely, for output variables related to compu-
tational time and energy (AveCPU, Elapsed, CPUTime, and ConsumedEnergy),
genome Size stands out as the most significant input variable. In the case of
MaxRSS, Bootstrap is identified as the most important input variable. Interest-
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ingly, the importance of Size and Thread as input variables varies depending on
the specific output variable, which affects predictions.

5 Computational Time and Energy Assessment of the
ML Model

5.1 Model Output Accuracy

The regression analysis employed k-fold cross-validation and the MAE metric
to evaluate the model’s performance, providing insights into its accuracy across
various aspects of the data. For each output variable, we conducted 100 rounds
of 2-fold cross-validation, with each round randomly splitting the data into 50%
for training and 50% for testing, resulting in 200 MAE measurements for the
ETR model. Additionally, each MAE calculation included an analysis of the
importance of input variables, estimated during the training process from this
dataset. To ensure comparability across different scales, we normalized all output
variables for the MAE calculations presented in Fig. 3, but retained the original
scales in subsequent figures for concrete predictions.

Fig. 3 depicts a boxplot of MAE values comparing predicted and database val-
ues for time, memory, and energy using the ETR. The machine learning approach
showed good results for the output variables AveCPU, Elapsed, and CPUTime,
exhibiting low average MAE values and consistency across 100 folds. This may be
due to the strong correlation between the mentioned input and output variables,
as well as the ability of the ExtraTrees model in capturing these relationships
more accurately than other output variables.

In contrast, for the memory-related output variables MaxVMSize, AveVM-
Size, and MazRSS, as well as for the ConsumedEnergy variable, the model ex-
hibited higher average MAE values and greater variability in the boxplots for
MazRSS and ConsumedEnergy, indicating variable performance across different
folds. It can be concluded that the model is not as effective in predicting en-
ergy consumption as it is in estimating execution time, possibly due to a weak
correlation between the input and output variables or the complexity of these
relationships being difficult to capture accurately with the provided input vari-
ables.

5.2 Regression Model Performance Assessment

The analysis of Figs. 4 and 5 was conducted using configurations ranging from
1 to 10 nodes, all maintaining a constant 24 threads and employing the largest
input file, named "1,158,854" (see the first line of Table 1). Fig. 4 illustrates the
predicted execution time as a function of the number of nodes, alongside the
average measured execution time, with each line representing different bootstrap
values. The model predictions are closely aligned with the measured data. We
observed a general decrease in execution time with increased nodes, particularly
evident for higher bootstrap values. For instance, 5 nodes were found to be ef-
ficient for bootstrap values of 1000 and 2000, whereas additional nodes beyond
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Fig. 3. Boxplot of mean absolute error (MAE) for predicted and database values in
regression output variables.

this threshold (e.g., 10 or 20) did not significantly enhance performance. This
suggests that utilizing 5 nodes optimizes resource utilization and throughput on
SDumont for this case study, possibly due to the increased overhead from adding
more nodes.

8000 Bootstrap 8000
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k) 2000
i
£ 1000 4000
a
g
g
=
g 2000 2000
&

0 0
1 5 10 1 5 10
Number of Nodes Number of Nodes
(a) Predicted (b) Measured

Fig. 4. Application execution time (predicted vs. measured) from 1 to 10 nodes.

Fig. 5 shows the predicted and measured energy consumption across different
node counts, with each line representing a bootstrap value. The model accurately
predicts energy consumption for lower bootstrap values (10 and 100, which in-
dicate lower computational intensity of the application), closely aligning with
measured data. However, predictions were inaccurate for higher bootstrap values
(1000 and 2000). In contrast to computational time, where execution generally
decreases with more nodes, the predicted energy consumption does not follow
the same trend. Overall, while the model performs well for lower bootstrap values,
its accuracy diminishes for higher values.

Fig. 6 shows the computational time and energy consumption predictions
when varying the input data from real DENV genomes. Fig. 6(a) illustrates that
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Fig. 5. Application energy consumption (predicted vs. measured) from 1 to 10 nodes.

larger input files benefit from reduced execution times with up to 5 nodes, fol-
lowed by a gradual decline of up to 10 nodes, indicating scalable efficiency. It
presents computational time across 1 to 10 nodes using 2000 bootstrap and 24
threads for RAxML. Transitioning from 1 to 5 nodes resulted in an 80% reduc-
tion in execution time. Thus, allocating 5 nodes optimizes efficiency and offers
significant time savings, which aligns with measured data. Fig. 6(b) demonstrates
consistent energy consumption across all dataset sizes. Both larger and smaller
datasets benefit from increased nodes up to 5, with a modest decline observed
up to 10 nodes, indicating stable energy efliciency across varying dataset sizes.
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Fig. 6. Application predicted FElapsed and ConsumedEnergy output variable of the
fifteen files with 2000 RAxML bootstrap across 1 to 10 nodes and 24 threads.

Fig. 7 illustrates the relationship between model predictions and measure-
ments computational time (FElapsed) and energy consumption (ConsumedEn-
ergy), with the number of nodes varying from 1 to 10 and using a bootstrap
of 2000 for the "1,158,854" input file. The solid blue line predicts a significant
reduction in computation time as the number of nodes increases, reflecting an
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Fig. 7. Comparison between computational time and energy consumption predictions
for the input file 1,158,854 with bootstrap value of 2000.

improvement in performance with increasing computational resources, which is
corroborated by the measurements in the dotted line. On the other hand, the
orange line indicates a decrease in energy consumption as more nodes are em-
ployed, which could indicate a low computational intensity due to excessive par-
allelism, but measurements do not validate this. The cause for this inaccuracy
is clear when considering Fig. 2, as the ML model currently does not consider
the number of nodes as an important parameter to predict ConsumedEnergy.

6 Conclusion

As HPC systems become complex, strategies that minimize energy usage while
maximizing computational throughput become imperative. A key component
to achieve this is ensuring that applications are properly configured to use the
available computing resources. This work addresses this issue by providing an
ML model that, based on the application’s characteristics, predicts execution
times and energy consumption for various resources. Thus, this information can
be used to allocate the exact resources that maximize performance while limiting
excessive energy consumption.

The ML model proposed in this work, based on the Extra Trees Regressor,
was trained with extensive datasets from scientific applications like RAXxML exe-
cutions, allowing for informed decision-making in resource allocation and config-
uration. The model was designed to predict 7 parameters, from which application
execution time and energy consumed are the most relevant, based on 4 input
variables: bootstrap, which in the context of the case study directly impacts
computing intensity; number of nodes used; dataset size; and number of threads
used.

Overall, the model is very accurate in predicting the execution time of ap-
plications for varying dataset sizes and node configurations, as shown in Fig.
4. The energy consumption prediction is accurate for specific configurations of
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the case study, where the computational intensity is lower, as shown in Fig. 5.
However, when testing for high bootstrap values, the accuracy of the energy pre-
diction is reduced significantly. Fig. 6(b) provides an overview of the predicted
and measured values for execution time and energy consumption for the most
compute-intensive configuration of the case study.

Moving forward, research and development in ML regression-based prediction
aim to address challenges in HPC, such as scalability and real-time adaptation to
dynamic workloads. The model, currently operating statically, will be enhanced
to better predict energy consumption of applications and adapted for dynamic
operation, assessing queue loads in real time to optimize resource allocation. This
model will be integrated into an HPC resource scheduler with rigorous validation
to ensure efficient and reliable resource allocation and will be validated in a
production environment with various scientific software.
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