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Abstract. The Worldwide LHC Computing Grid (WLCG) provides the ro-
bust computing infrastructure essential for the LHC experiments by integrating
global computing resources into a cohesive entity. Simulations of different com-
pute models present a feasible approach for evaluating future adaptations that
are able to cope with future increased demands. However, running these simu-
lations incurs a trade-off between accuracy and scalability. For example, while
the simulator DCSim can provide accurate results, it falls short on scaling with
the size of the simulated platform. Using Generative Machine Learning as a
surrogate presents a candidate for overcoming this challenge.
In this work, we evaluate the usage of three different Machine Learning models
for the simulation of distributed computing systems and assess their ability to
generalize to unseen situations. We show that those models can predict central
observables derived from execution traces of compute jobs with approximate
accuracy but with orders of magnitude faster execution times. Furthermore, we
identify potentials for improving the predictions towards better accuracy and
generalizability.

1 Introduction

High energy physics at the LHC relies on the global-scale federated computing infrastructure
provided by the Worldwide LHC Computing Grid (WLCG) [1] for processing and storing
the sheer amounts of scientific data gathered by the LHC experiments. To achieve the high-
throughput demands with limited financial resources, good performance of the computing
system has to be constantly ensured. With increasing demands expected from future LHC op-
erations and technical and strategic changes in the federation, the best design for the WLCG
infrastructure still needs to be identified.

Due to the size and complexity of such infrastructures, it is not feasible to build alterna-
tive infrastructures for mere testing. In addition, due to constant uptime requirements, they
cannot be reserved for test and evaluation purposes. Instead, accurate simulation of workflow
executions on such infrastructures and subsequent analysis of the simulated results can be
performed without disturbing the operation of the real reference infrastructure, and a variety
of alternative designs can be tested with just a fraction of the original investment.
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However, there is a general trade-off between accuracy and the computational complexity,
and therefore execution time, that comes with designing practical simulation models as sim-
ulations with higher accuracy generally implement more fine-granular models with greater
detail. This typically leads to superlinear scaling in the execution time of the respective sim-
ulation tools with respect to the size of the simulated infrastructure. As a result, it quickly
becomes unfeasible to simulate workflow executions on large infrastructures.

To circumnavigate the unfavorable scaling of such simulation tools, ML surrogate mod-
els, trained on verifiable accurate simulator outputs or data from real-world systems, that
predict observables from job execution traces in constant time present a natural solution ap-
proach.

2 Data Generator DCSim

To simulate the execution of HEP workflows on parallel and distributed computing (PDC)
infrastructure, we utilize the DCSim tool [2, 3] as a reference simulator1. It is implemented
using the SimGrid [4] and WRENCH [5] simulation frameworks. SimGrid and WRENCH
have been chosen since they are general-purpose, enable more accurate simulation of PDC
systems than other versatile frameworks [6] while keeping the level of computational com-
plexity at manageable levels, have been carefully validated [7–11], and are utilized by a large
and active community.

DCSim takes three main essential user inputs indicated as “configurations” in Figure 1.
First, a platform description following the SimGrid standard defines the network of comput-
ing resources with all its (technical) characteristics, for instance, the network of links and
interconnected computers, their routing, as well as their respective network bandwidths, la-
tencies, numbers of CPU cores, CPU speeds, disk bandwidths, storage volumes, and other
parameters. Second, datasets and replicas present at the simulation start, their composition
of files, sizes, and locations are specified in a dedicated input file. Third, the workloads to be
executed on the specified platform while possibly processing files from datasets are defined
in another dedicated steering file. The workloads are characterized by their submission time,
the job collection they are composed of, their respective resource demands, and the amount of
computational work that must be executed for their completion. Additionally, parameters can
be given to DCSim to steer individual components of the simulation models integrated into
DCSim or to adjust their calibration. In this work, we use the default calibration derived for
[2]. Using these inputs, DCSim simulates the scheduling of the jobs, their execution and data
processing, and returns a list of observables for each simulated job. Per default, observables
are the start and end times of the jobs, the total times spent with I/O and compute operations,
and the processed amounts of data.

It has been shown that after calibration, DCSim can achieve valid descriptions of real-
world computing workflow executions and systems [2, 3]. However, the execution time of
DCSim scales superlinearly with the size of the simulated computing system, which limits its
feasibility and necessitates workarounds in studies concerning computing systems at a global
scale, like the WLCG. We therefore utilize DCSim as a baseline for testing ML surrogates in
simulation.

3 Machine Learning Approach

Figure 1 shows an overview of our general approach. First, we conduct simulations using
DCSim and preprocess the resulting data (Section 3.1). We then train our model using the

1Note the exact version of the simulator published here: https://doi.org/10.5281/ZENODO.8300961
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Figure 1: Approach overview.
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Figure 2: Layout of training dataset.

preprocessed simulator data (Section 3.2). The model receives the configuration parameters
of the simulation, i.e., the execution platform, characterization of datasets used, and workload
configurations, as input and predicts the observables of each job in the workload. In total, we
train three different model architectures (Section 3.3).

3.1 Data Preprocessing

To create a sequential dataset that can be used to train our model, we need to preprocess
the DCSim output data. First, we standardize the data to ensure that all features contribute
equally to the predictions of the models, preventing features on larger scales from dominating
the learning process. For each feature, we separately subtract the mean and divide the result
by the standard deviation, thus adjusting the mean to zero and the standard deviation to one.
We apply an inverse scaling transformation on the models’ outputs to retrieve the output data
at their original scale.

Next, since the number of jobs varies in each simulation and some models require fixed-
length input sequences, we divide the model input vectors into windows of fixed size. If
the last window of a simulation contains fewer jobs than the fixed size, we pad it with zeros
to maintain a consistent window size. To be able to reconstruct the original data sequence
as predicted by the simulations, we add the simulation_ID (not used by the model) and
job_index (used for model training) as additional features to the entries in each input win-
dow. We provide an example illustration of a windowed dataset in Figure 2.

3.2 Model Training

We split the data into training and evaluation datasets to train the model, using a 70:30 ratio
per simulation of the same length. We employ sequence-to-sequence prediction, predicting
exactly one output per input row. The mean squared error (MSE) loss function is used to
penalize larger errors more heavily than smaller ones, emphasizing the importance of mini-
mizing significant discrepancies between predicted and actual values.

We adjust hyperparameters, including the hidden size, which defines the dimensionality
of each hidden layer, the window size specifying the number of consecutive data points con-
sidered in each input window, and the window overlap, determining how much consecutive
windows overlap. Window overlap between windows from the same simulation can be used
to capture the continuity and dependencies between jobs within the same simulation, enhanc-
ing the model’s ability to learn from sequential patterns. In addition, we tune the batch size,
which indicates the number of input rows processed before updating the internal parameters
of the model, and the number of hidden layers in the model.
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We optimize these hyperparameters manually by evaluating kernel density estimation
(KDE) and accuracy plots. We begin by training ten models with randomly chosen hyperpa-
rameter configurations and select the three best-performing models. For each of these models,
we adjust one free hyperparameter at a time, train the model, and evaluate its performance.
Once the optimal value for a specific parameter is identified, we fix it and continue with the
following free parameter while retaining the best-performing model from the previous iter-
ation. This process continues until all hyperparameters have been optimized. Finally, we
compare the three resulting models and select the one that demonstrates the best overall per-
formance. The tuning order we follow is hidden size, window size, window overlap, number
of layers, and batch size.

3.3 Model Architectures

We explore three different model architectures for our surrogate model: BiGRU, BiLSTM,
and Transformer models.

The BiGRU architecture consists of a linear input layer, multiple bidirectional Gated Re-
current Unit (BiGRU) layers, and a single linear output layer [12, 13]. BiGRU processes data
in both forward and backward directions, making it effective in scenarios where both past and
future contexts help understand the sequence. Although future jobs cannot influence already
completed jobs, the training phase can benefit from data on future jobs by helping the model
identify patterns or dependencies that might not be evident when considering only past and
current jobs. Moreover, BiGRU can capture long-term dependencies, which is valuable for
predicting simulation results, as it allows the model to account for the influence of events over
extended periods. This capability can lead to more accurate predictions since jobs submitted
earlier and still running can influence subsequent jobs.

The BiLSTM architecture has a structure similar to that of BiGRU but uses bidirectional
Long Short-Term Memory (BiLSTM) layers instead of BiGRU layers [12, 14]. As BiGRU,
BiLSTM can capture long-term dependencies and processes data in both forward and back-
ward directions.

The transformer-based architecture we use [15] is adapted for numerical predictions.
Apart from technical scalability and performance benefits, thanks to the self-attention mech-
anism, transformers can handle long-range dependencies and are suited better for handling
local and global contexts simultaneously. In this study, we focus on encoder-only transform-
ers, with the number of attention heads as an additional hyperparameter.

4 Evaluation of Surrogate Models

We evaluate our approach by varying the complexity of the data used for model assessment
and comparing the predicted results with the ones obtained with DCSim. In the first evalu-
ation scenario, referred to as homogeneous jobs (Section 4.1), we use jobs generated from
a single workload description executed on a fixed platform with minimal complexity. This
controlled setup allows us to establish a baseline for the model’s performance under sim-
ple conditions. The second scenario covers heterogeneous jobs (Section 4.2), introducing
increased complexity by predicting results for jobs derived from multiple workload distribu-
tions on a more complex platform. This setting provides insight into the model’s capabilities
to handle diverse workloads.

We show the evaluation results for the observables compute_time and in-
put_files_transfer_time for both scenarios. The results for other observables can be found
in [16].
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We evaluate the models’ predictions using the coefficient of determination (R-squared)
and Kernel Density Estimate (KDE) plots. R-squared represents the proportion of variance
in the target variable explained by the model. Its values range from zero to one, with one
indicating a perfect fit. KDE plots provide a visual assessment of the distribution of the re-
spective observable, revealing patterns or systematic bias regarding under- or overprediction
that R-squared cannot capture.

4.1 Homogeneous Jobs

In the homogeneous jobs scenario, we use 10,000 simulations for training, organized into
10 batches of 1,000 simulations each. These simulations include 1, 10, 20, 50, 100, 250,
500, 1,000, 1,500, and 2,000 jobs per simulation. To assess extrapolation capabilities, we use
an additional dataset of 10 simulations with 10,000 jobs each that are not used in training.
The resource demands of all jobs remain identical throughout the training and evaluation
phases. As input features, we use index, flops, input_files_size, and output_files_size. The
platform configuration contains three worker nodes, two with 24 CPU cores each, one with
12 CPU cores, and one scheduler node. All nodes are connected following a star topology.
The datasets processed by the jobs are stored on a separate storage server.

We show a comparison of the prediction results with the simulation for the extrapolation
task in Table 1 and Figure 3. All models exhibit a negative R-squared value for compute_time,
indicating a worse fit than a naive baseline. The KDE plots show that the target distribution
exhibits two prominent spikes for the compute_time. While the BiGRU and BiLSTM models
successfully capture the general structure of the distribution, they fail to emphasize these two
spikes sufficiently. The transformer model, however, predicts mainly the mean values for
compute time, failing to capture the actual distribution. While the R-squared value for in-
put_files_transfer_time is positive, it is close to zero for all models, indicating only a slightly
better fit than the naive baseline. The KDE plots show that the models capture some distri-
bution features again but fail to emphasize the actual shape. In summary, all models failed to
predict the observables beyond the first statistical moment, potentially due to the lack of input
features providing additional context constraining the job execution, particularly information
about the platform architecture. Although the size of the modelled infrastructure is rather
minimal in this example, the surrogate ansatz already leads to improvements in the execution
time of minimum two orders of magnitude on our test systems (O(10 s)→ O(100 ms)).

4.2 Heterogeneous Jobs

Our second evaluation scenario introduces jobs from multiple distributions and a more com-
plex platform configuration. We train the models and evaluate their extrapolation capabilities
using the same strategy as for the homogeneous jobs. The workload comprises five distinct
job classes, each with its own distribution for all resource demands. Each job’s submis-
sion_time differs in this scenario and is therefore added as an input feature. The platform
configuration describes an interconnected network of two data centers. The first consists of
a local network of ten identical worker nodes and a storage node. The second has a single
but more powerful worker node. All datasets are stored in the first data center. The first data
center features 420 CPU cores, while the second has 200 CPU cores.

We present the prediction results in Table 1 and Figure 4. We omit the KDE plots for
the BiGRU model since they show the same features as the BiLSTM. All models achieve
an R-squared value close to one for compute_time, indicating near-optimal predictions. The
KDE plots reveal smaller errors in matching the exact distribution but show a good fit overall
despite the same lack of platform context as in the previous example. However, the R-squared
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(a) BiGRU model, compute_time. (b) BiLSTM model, compute_time.

(c) Transformer model, compute_time. (d) Transformer model, input_files_transfer_time.

Figure 3: Predictions for extrapolation of trained models in the homogenous jobs setup. The
input_files_transfer_time is similar for the other models.

value for input_files_transfer_time is negative across all three models, indicating that the
models cannot predict the observable effectively. Looking at the KDE plots, we can see that
the models accurately predict the spikes in the distribution. However, all models fail to predict
the long tail of large values, deteriorating the overall prediction quality.

Overall, all models achieve similar results, with the Transformer model achieving slightly
less accurate predictions. While compute_time can be predicted accurately, the behavior of
input_files_transfer_time cannot be predicted accurately. This behavior may be influenced
by complex interactions within the platform, such as the existence of various routes from
the node storing the dataset to the worker node that processes the job. Since information
about the platform’s configuration is not explicitly included in the model inputs, it cannot
be utilized to make predictions. For the compute_time, however, the presence of multiple
workloads, including jobs with different compute requirements and subsequently different
execution times also depending on the worker they have been executed on, presents implicit
platform information providing additional context about the platform. For the transfer_time,
however, the effect of the platform on the job execution is more convoluted and complex than
what can be captured implicitly in the training data. Nonetheless, the benefit of the surrogate
in terms of execution times becomes more pronounced with a respective speed-up of multiple
orders of magnitude (O(100 s)→ O(100 ms)).
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(a) BiLSTM model, compute_time (b) BiLSTM model, input_files_transfer_time

(c) Transformer model, compute_time (d) Transformer model, input_files_transfer_time

Figure 4: Predictions for extrapolation of trained models in the heterogeneous jobs setup.

Table 1: R-squared metric for different models and evaluation scenarios.

Homogeneous Jobs Heterogeneous Jobs
Observable BiGRU BiLSTM Transformer BiGRU BiLSTM Transformer

compute_time -1.20 -1.08 -0.14 0.99 0.99 0.96
input_files_transfer_time 0.06 0.18 0.07 -0.27 -0.14 -0.46

5 Conclusion

We propose using surrogate modeling to evaluate the throughput of different infrastructure
designs. We train three model architectures using simulator data to predict different job ob-
servables. From our evaluation results, the architecture choice does not significantly influence
the accuracy of the predictions at the current stage of development. All three architectures
decrease the execution times by orders of magnitude compared to DCSim.

At the current stage of the models inaccuracies are observed. We suspect a lack of input
information given to the models as the predominant source. While the models are able to pre-
dict the compute times of our heterogeneous jobs scenario, where some implicit information
about the infrastructure can be extracted by the model, they fail to predict the transfer time of
input files due to not being aware of the data infrastructure setup that is more complex.
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Future work can build on these results by incorporating platform information into the
training data to improve the predictions. This will become essential to ensure that the model
performs accurately on arbitrary workload mixes. Moreover, training on real-world data
instead of simulator data could enhance the capabilities and applicability of the models, also
providing valuable data in regimes where the simulation, due to its scaling behavior, is not
able to feasibly produce large amounts of training data.
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