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ABSTRACT: Scientific workflow management systems support large-scale
data analysis on cluster infrastructures. For this, they interact with resource
managers which schedule workflow tasks onto cluster nodes. In addition to
workflow task descriptions, resource managers rely on task performance esti-
mates such as main memory consumption and runtime to efficiently manage
cluster resources. Such performance estimates should be automated, as user-
based task performance estimates are error-prone.
In this book chapter, we describe key characteristics of methods for workflow
task runtime and memory prediction, provide an overview and a detailed com-
parison of state-of-the-art methods from the literature, and discuss how work-
flow task performance prediction is useful for scheduling, energy-efficient and
carbon-aware computing, and cost prediction.
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17.1 Introduction

When running a scientific workflow on a computing infrastructure, scientists usually have
to define task resource consumption limits, such as the available time [1] or memory [2] for
task execution. Setting these resource limits correctly is necessary to enable a successful ex-
ecution of workflows as exceeding runtime or memory limits results in failures, commonly
through errors issued by cluster resource managers. Resource consumption estimates pro-
vided by the scientists are known to be error-prone and inaccurate [2–4]. To avoid a failure
and timely re-execution of the workflow or parts of it, scientists tend to overprovision re-
sources to ensure that their workflows are fully executed. The problem is further aggravated
as different instances of the same workflow task consume varying amounts of resources [3, 5]
when executed on different inputs. Assume, for example, that a task unzips its input files.
Such a task’s runtime will heavily depend on the size of the input files. Hence, scientists
have to conservatively configure consumption limits for the largest task instances.
While a failed workflow execution due to an underestimated resource consumption di-

rectly affects scientists, an overestimation does so indirectly: It reduces the number of tasks
running in parallel as more cluster resources than necessary are allocated to tasks. The clus-
ter resource manager ensures that the requested memory is reserved for specific tasks, even
if it is not fully used, leaving less memory for other tasks to run as well. This effectively
decreases the level of overall parallelism and, hence, cluster throughput. Meanwhile, overes-
timating the runtime of tasks can lead to significantly suboptimal schedules as the scheduler
assumes wrong runtimes [6, 7].
Predicting the performance of workflow tasks to set their resource consumption limits

automatically can relieve scientists of the need to define limits manually. State-of-the-art
approaches often focus on either runtime or memory prediction, as these are key exam-
ples of performance prediction where underestimation leads to task termination in resource
managers [6, 8, 9]. Many approaches use machine learning to predict the performance of
workflow tasks. Some of these approaches rely on historical data to model a task’s per-
formance [2, 10], while other approaches learn during the workflow execution and incre-
mentally update their model online [11, 12]. In addition, some approaches use profiling to
predict the performance of workflow tasks before the workflows are executed [13, 14]. The
approaches also differ in their ability to predict performance for different types of infrastruc-
ture, such as homogeneous or heterogeneous infrastructures, their used prediction model, or
their model input.
Figure 17.1 provides a high-level overview of the interactions among components within

the scientific workflow execution environment. The Scientific Workflow Management Sys-
tem (SWMS) parses the abstract workflow and coordinates task submission to the resource
manager, which then schedules and allocates tasks onto the cluster infrastructure, concur-
rently monitoring their resource usage. Workflow task performance prediction employs
predictive models to generate runtime, memory, and other resource-related estimations for
individual tasks. These predictions are accessible to both the SWMS and the resource man-
ager. Utilizing predictions at the SWMS level offers the advantage of leveraging workflow
graph information, which is typically unavailable to the resource manager. Conversely, the
resource manager benefits from a global view, enabling it to optimize resource allocation
decisions across multiple workflows and users. Recent work proposes unified solutions that
leverage information from both components, enabling direct integration of task performance
predictions [15, 16].
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Figure 17.1: Interaction between a scientific workflow management system, a resource man-
ager, and task performance prediction models.

In this chapter, we give an overview of state-of-the-art workflow task performance predic-
tion methods, compare them, and discuss use cases as well as ongoing research. In particu-
lar, we compare methods that focus onworkflow task runtime andworkflow task memory
prediction. That is, we do not include methods that only predict the total execution time or
total memory consumption of entire workflow applications, as task-level predictions serve as
fine-grained foundation for workflow-level predictions. Likewise, we do not include meth-
ods that are not specific to scientific workflows. The main contributions of this chapter are:

• We identify key characteristics of workflow task runtime (Section 17.2.1) and memory
prediction methods (Section 17.3.1), covering general aspects such as code availabil-
ity, model-specific criteria like the prediction method and applicability to heteroge-
neous infrastructures, as well as model inputs and evaluation settings.

• We provide an overview and a detailed comparison of state-of-the-art workflow task
runtime (Section 17.2) and memory prediction methods (Section 17.3), analyzing
nineteen state-of-the-art papers based on the previously defined characteristics and
identifying shortcomings while highlighting future research directions.

• We exemplify how workflow task performance prediction is useful for resource man-
agement, namely scheduling, energy-efficient and carbon-aware computing, and cost
prediction, and present recent research in each of these fields while also highlighting
limitations (Section 17.4).

The remainder of this chapter is structured as follows. Section 17.2 describes state-of-the-
art workflow task runtime prediction methods and compares them, while Section 17.3 de-
scribes state-of-the-art workflow task memory prediction methods. Section 17.4 presents ap-
plications of workflow task performance prediction for resource management and discusses
the shortcomings of state-of-the-art methods. Lastly, Section 17.5 concludes the chapter.
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17.2 Workflow Task Runtime Prediction
In this chapter, we explore the features of runtime prediction methods for workflow tasks
and offer a detailed overview and thorough comparison of the latest task runtime prediction
techniques found in the literature. Table 17.1 gives an overview.

17.2.1 Characteristics
To provide an overview and compare methods for predicting the runtime of tasks, we intro-
duce a set of characteristics divided into four areas: general, model, input, and evaluation.

General: First, we describe the general characteristics of workflow task runtime prediction
methods, including information about the publication year, public code availability, and
whether the method is domain-specific or can be applied to all types of workflows.

Model: The model characteristics describe essential workflow task runtime prediction
models’ attributes. The prediction method attribute describes the models’ underlying predic-
tion method, such as a regression or a neural network. The training time attribute describes
when the model is trained, either offline on historical data, online during workflow execu-
tion, or pre-workflow execution using profiling without historical data. The heterogeneity
attribute shows whether a method is applicable to heterogeneous infrastructures or restricted
to homogeneous ones. With the recent popularity of computing on GPUs, we have added a
GPU support attribute as additional information to show whether a prediction method lends
itself to running workflow tasks on both CPUs and GPUs.

Model Input: The model input shows the data used to perform the runtime prediction.
The first attribute is the hardware capacity that shows whether static hardware information,
such as the number of CPU cores, amount of memory, or disk sizes, is incorporated. Com-
plementary, the hardware performance characteristic considers performance metrics in the
model input, such as processor speed or I/O capabilities. An important feature for work-
flow task runtime prediction is the task input data size, which can be the general input size
or a placeholder, for instance, bytes read. Finally, we include task resource utilization as
an attribute and analyze whether the models use task resource utilization, such as CPU or
memory utilization, as an input.

Evaluation: The attributes under the evaluation category show how the proposed meth-
ods were evaluated. The first attribute, workflow system, shows which workflow system was
used to either run the experiments or gather the traces, followed by the number of workflows
attribute, aiming to quantify the scope. The experiment type shows if the method was evalu-
ated on real infrastructures, simulated with traces gathered from real executions, or simulated
with synthetic traces.

17.2.2 Offline Workflow Task Runtime Prediction
Offline predictors build their model based on historical data and before the workflow ex-
ecution is started, without the capabilities to improve the model online during workflow
execution.
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Matsunaga et al. [17] perform offline runtime prediction and evaluate several machine
learning approaches for their ability to predict task runtime. Their method can be applied to
heterogeneous infrastructures as it incorporates static and performance characteristics of the
hardware. They conducted their evaluation on two bioinformatic tools, including an analysis
of the impact of individual features on prediction accuracy, arguing for including as many
features as possible and letting the algorithm decide on the specific selection. The authors
also show that different algorithms perform better for different setups, i.e., the effectiveness
of an algorithm depends on the task and its training data.
Malik et al. [18] leverage runtime provenance data to train a multilayer perceptron (MLP)-

based neural network that predicts task execution times on grid infrastructures. Model input
features include static and dynamic environment features such as a machine’s CPU speed
or free memory, pre-execution features such as input size, and execution features such as
task resource usage. Their model is trained offline, using a feature set optimizer, a model
space analyzer, an MLP generator, and a model trainer component. The authors evaluate
their method with three workflows, MeteoAG, Invmod, and Wien2K, using Askalon as the
workflow system, and show a prediction error between 17% and 26%.
Pham et al. [21] present an offline task runtime prediction method for cloud environments

using a two-stage approach that first predicts task resource usage, followed by a second
stage that uses the output of the first stage, the workflow input data, and static and dynamic
hardware information for a regression to predict execution time on a target machine. Their
prediction model distinguishes between pre-runtime parameters, e.g., workflow input data or
VM types, and runtime parameters, such as CPU, memory, I/O operations, and bandwidth.
In the first stage, pre-runtime parameters are considered to derive the runtime parameters
for the execution. In the second stage, the task execution time on a target VM is predicted
with a regression model using the output data from the first stage, the workflow input data,
and the VM specifications. Their method is applicable to heterogeneous infrastructures and
evaluated with generated data from four different workflows and diverse scientific workflow
management systems.
Nadeem et al. [22] present a method for offline prediction of task execution times in grid

environments using a radial basis function neural network. The learning model incorporates
four specific types of information: a) workflow structure, including aspects like workflow
name or dependency flow; b) application details, such as executable names or file sizes;
c) execution environments, covering factors like grid locations or submission time; and d)
resource state, including metrics like the number of jobs in the queue or jobs running. How-
ever, it does not account for hardware characteristics; hence it is not able to predict runtimes
for heterogeneous infrastructures. For their evaluation, they used generated data from four
different workflows and various scientific workflow management systems. Similar to Mat-
sunaga et al. [17], their evaluation outcome shows which features have the greatest impact
on the predicted runtime and which ones can be left out.
Huang et al. [23] propose CloudProphet, a method for predicting task execution times for

public cloud infrastructures. CloudProphet operates from the view of a data center operator,
also assuming that the VM where the task is running, is a black box. Thus, in a first step, the
application type is identified based on task resource consumption, using a Dynamic Time
Warping algorithm to normalize the temporal difference in the training traces. Next, highly
correlated metrics are selected. Then, a neural network predicts the performance of the task
using the highly correlated metrics as input. In addition, the workload level is predicted
using a second neural network that outputs the task’s workload level. A third neural network

436



CHAPTER 17. Predicting Task Performance for Cluster Resource Management

is then used that takes the output of the first as input and predicts the performance baseline
that can be used to calculate the performance degradation. Their evaluation uses five cloud
benchmarks from CloudSuite and shows similar prediction accuracy to Pham et. al. [21] and
Bader et al. [13].

17.2.3 Online Workflow Task Runtime Prediction
Da Silva et al. [19] predict task resource consumption, such as runtime, disk space, and
memory consumption, for tasks in scientific workflows. Based on monitoring tools and
historical data, they apply a regression tree for resource prediction. Beforehand, they identify
data subsets with a high correlation by using density-based clustering. Then, they predict the
expected resource usage for correlated data points based on the ratio in this specific cluster.
In the case of uncorrelated data, they predict the mean runtime of previous executions. The
authors evaluate their method with three workflow traces gathered on real infrastructures
using the Pegasus workflow management system.
In an extension of their work, da Silva et al. [20] test a normal and a gamma distribution

for uncorrelated data and sample in the case of statistical significance. They also extend their
evaluation with two new workflow traces gathered from real executions.
Hilman et al. [10] employ an online incremental learning method utilizing long short-term

memory networks (LSTMs) for predicting task runtimes in heterogeneous cloud environ-
ments. Their method uses two categories of metrics: pre-runtime and during runtime. The
pre-runtime metrics encompass details of the task, virtual machine (VM) specifications, and
the time of task submission. In contrast, the runtime metrics include parameters like CPU
usage, memory consumption, and I/O operations, represented as historical time-series data.
This data is continuously augmented online, during the workflow execution, and is utilized to
train and refine the model after task completion. The method is evaluated on two workflows
with generated tasks.

17.2.4 Pre-Execution Workflow Task Runtime Prediction
In our own work, we proposed the Lotaru method [13, 14], which predicts workflow task run-
times for heterogeneous infrastructures without using historical data and before the workflow
is executed on the target infrastructure. Lotaru quickly profiles the local machine and the tar-
get infrastructure using a set of microbenchmarks, then runs the workflowwith downsampled
data on the local machine to collect task metrics. Using the hardware performance, task in-
put, and resource usage data, tasks are assessed as CPU- or I/O-intensive, and a Bayesian
linear regression model is trained to predict the runtime on target machines. For evaluation,
five real-world workflows from the nf-core repository [24] were executed on six different
node types using the Nextflow workflow management system, which generated experimen-
tal traces.

17.2.5 Discussion
Table 17.1 provides an overview of the state-of-the-art workflow task runtime prediction
methods presented in the literature.
Of the ten methods, only two methods provide their source code, experimental setup

scripts, or configurations as open source. With limited access to the source code, the re-
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producibility of the results and also their applicability for real-world scientific workflows is
limited.
One of the methods is partially domain-specific for bioinformatics and uses data attributes

to downsample the input for profiling. The other methods are generally applicable, but are
often evaluated only for a single domain.
For the machine learning prediction method, we can see that the majority uses neural

networks and regression-based models.
Five methods predict task runtimes offline, three online, and two before workflow ex-

ecution using profiling. Thus, there are different methods for each part of the workflow
execution cycle.
Seven methods are able to predict runtimes for heterogeneous environments such as

clouds, but none of these methods consider the use of GPUs.
The model inputs differ significantly between the different methods. All but one method

make use of the task input size. Three methods furthermore only make use of the input
size, while all other methods consider multiple factors for predictions, including hardware
performance and capacity as well as task resource usage.
All methods are evaluated in a simulation setup, mostly using traces from real workflow

executions on real infrastructures, with the most commonly used workflow systems being
Pegasus and Nextflow. Evaluating these methods by integrating and evaluating them in real
execution environments is an open research point. This would, for example, allow to study
the two-way interactions between online task runtime predictors and schedulers that make
use of predictions that can occur in real systems.

17.3 Workflow Task Memory Prediction
In this section, we cover the characteristics of workflow task memory prediction methods
and provide a detailed overview and comprehensive comparison of state-of-the-art memory
prediction methods from the literature. Table 17.2 gives a structured overview of existing
memory prediction methods.

17.3.1 Characteristics
In this section, we describe the key features, which we divide in the three areas: General,
Model, and Evaluation.

General: Again, the general characteristics include information about the year of publi-
cation and code availability. It also includes a classification of general or domain-specific
applicability, as we observed that some methods require certain data properties that are only
fulfilled for certain domains or use cases.

Model: The model characteristics include details about the underlying prediction model,
machine learning or statistical models such as regression trees, linear regression methods,
reinforcement learning, or ensemble methods that use multiple machine learning models.
The model feature also encompasses the training time, whether memory is predicted from
historical traces (i.e., offline) or online during execution and if prediction errors are handled
for subsequent predictions. Furthermore, we examined whether machine heterogeneity is
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considered, such as different processors, memory configurations, and memory access archi-
tectures (e.g., UMA vs. NUMA). We do not divide this characteristic further, as we found
no support in existing state-of-the-art methods. Finally, we analyze whether the prediction
model assumes a correlation between input data size and memory usage.

Evaluation: Again, we examine whether the experiment type uses real executions, a simu-
lation on real data, or a simulation on synthetic data. We also look at the number of workflows
used and the workflow management system used either to execute the workflow or to collect
traces.

17.3.2 Offline Task Memory Prediction
Witt et al. [2] propose a method that optimizes the resource wastage instead of the prediction
error. The authors show a correlation between the size of the input data and the memory
consumption of a task and accordingly develop a linear prediction model that incorporates
the input sizes as a feature. Their method doubles the predicted memory on a task failure.
The method is evaluated using a simulation with the traces of a Neutrino Observatory exper-
iment log. The authors’ method achieves less wastage than user estimates and the baseline
of Tovar el al. [12]. In their experiments, they further investigate different failure handling
strategies, i.e., how to handle task failures due to memory underestimation, and show a sig-
nificant impact on wasted memory resources, but also that there is no best strategy for all
kinds of tasks.

17.3.3 Online Task Memory Prediction
The method developed by da Silva et al. [19] and its extension [20] can also be applied to
memory prediction for correlated data points based on the ratio in this specific cluster. We
provided a comprehensive overview of this method in the previous section 17.2.3.
Tovar et al. [12] introduce a strategy for predicting task memory in scientific workflows.

The authors develop a predictive model that estimates the peak memory demand of a given
task using an online analytical approach during workflow execution. The model is adjustable,
focusing on either maximizing throughput or minimizing resource wastage. Their optimiza-
tion is based on the slow-peaks model, which assumes the scenario where task failures occur
towards the end of the execution. The authors suggest using a two-step policy that first
allocates the predicted amount of memory, followed by allocating the maximum available
resources in case a task execution fails. While the authors acknowledge the potential for a
more complex multi-phase failure handling policy, they note it requires more in-depth in-
vestigation. Their method is evaluated by a simulation using traces from three workflow
executions with the Makeflow workflow management system, showing an overall reduction
in memory wastage and an increase in throughput.
Tovar et al. [9] present a domain-specific solution to predict memory for task executions

and splitting tasks into smaller slices. The first five executed tasks will be assigned the
maximum memory of a node. Afterward, the actual used memory is monitored, and the
maximum ever observed is assigned plus a small margin. When a task fails, it is split into
two equally sized tasks and resubmitted, leading to potentially multiple subsequent retries
and splits. However, the authors also mention that the possibility of task splitting is due to the
nature of independent events that comprise the tasks, i.e., the domain knowledge. Initially,
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the task size is determined by the linear correlation between the chunk size of a task and its
resource usage. Task splitting has also been proposed in the field of genomics, but is not
generally applicable to black-box tasks [29]. Their evaluation uses the coffea framework
and runs the TopEFT workflow on a cluster of 40 commodity nodes. The results show the
efficiency of their method, reducing wasted memory resources.
Witt et al. [11] present a feedback-based peak memory allocation method. The authors

propose two different predictors. The first predictor is a linear regression model that uses
the sum of the task’s input files’ size as a feature to predict peak memory. They dynamically
offset their prediction to avoid an underallocation. For example, the "LR mean ±" strategy
incorporates the standard deviation as an offset, while the "LR mean -" method accounts
solely for negative prediction errors. As a second predictor, they use the percentile of his-
torical peak memory usage, such as the median or the 99th percentile. In this case, no offset
is selected. For failed task executions, the previously predicted peak memory will be multi-
plied by a factor of two. The methods are evaluated using the DynamicCloudSim simulation
environment with five synthetic traces from the Pegasus Workflow Generator. The authors
also examine the relationship between wasted memory and scheduling policies and show
that the two mutually influence each other.
We [25] present two reinforcement learning methods that predict the peak memory re-

quirements of tasks. Our first method is based on gradient bandits that must learn a prefer-
ence for a particular memory configuration. The agent’s reward function includes a penalty
for memory underallocations to discourage the agent from choosing such actions. Their fail-
ure strategy ensures that no allocations smaller than the failed one are chosen. The second
method uses Q-learning agents that increase, decrease, or maintain memory allocation. The
agents’ reward function includes an artificial minimum and maximum amount of memory
to allocate and discourages insufficient memory allocations. We evaluate the reinforcement
learning approaches using five workflows from the nf-core repository and ran them on real
infrastructures, showing that the methods are able to reduce memory wastage compared to
the workflow defaults.
Lehmann et al. [5] propose a memory sizing strategy called Ponder to dynamically decide

whether a linear relationship between a task’s data input size and the memory consumption
exists. Ponder aims to reduce the chance of out-of-memory failures and uses a rule-based
method to predict a task’s memory. If a relationship is detected, linear regression is applied;
otherwise, the highest observed memory value is used. The method also adjusts predictions
to ensure they are reasonable, particularly when they exceed historical values. Additionally,
Ponder includes a weighted offset and a static offset to account for variability in memory
consumption with the same input data and task across different runs. The authors evaluate
their approach for four different nf-core workflows on Kubernetes.
We [27] recently introduced an online method that uses multiple machine learning meth-

ods and dynamically selects the best-performing one. During workflow execution, the model
is continuously retrained and updated to incorporate metrics from recent task executions. A
novel resource allocation quality score is used to continuously assess the goodness of a
model’s prediction, which is based on accuracy and efficiency. We use not one but many off-
setting techniques and dynamically select the one that would have caused the lowest resource
wastage. The method is evaluated on traces of six real-world workflows gathered with the
workflow management system Nextflow. The experimental results significantly outperform
existing state-of-the-art peak memory prediction methods from the literature.
We [26, 28] also propose a memory prediction approach that uses time series monitoring
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data in order to provide a dynamic memory prediction, i.e., a memory prediction over time.
Due to the dynamic approach, the method first predicts the runtime of a workflow task by
training a linear model and offsets the predicted time. Then, the expected runtime of the
task is segmented according to predefined values. Now, for each of the segments, a linear
regression model is trained to predict the maximum memory usage for each segment. The
prediction is offset for each segment to avoid memory underallocation. Since our model has
two aspects, runtime and memory, we discuss and propose different error-handling methods.
For example, the selective retry strategy, which adjusts only the failed segment, or the partial
retry strategy, which adjusts all segments from the one that failed. The method is evaluated in
a simulation using traces from two real-world workflows from the publicly available nf-core
repository and outperforms state-of-the-art methods in terms of reducing memory wastage.

17.3.4 Discussion

Table 17.2 gives an overview of eleven state-of-the-art methods for predicting memory usage
for workflow tasks from the literature. We divided the characteristics we included in our
comparison into three categories: General, Model, and Evaluation.
Of the eleven methods presented, seven make their source code publicly available. Com-

pared to workflow task runtime prediction methods from the literature, this is a higher per-
centage. This makes it easier to use existing methods as baselines for newer approaches if
prototype implementations are readily available.
One of the presented methods can only be applied to a specific domain, all others are gen-

erally applicable. The prediction models are very heterogeneous and use different machine
learning methods.
One method is applied offline, while ten methods run online. This is a clear difference to

task runtime prediction methods, where only a couple of methods learned prediction models
during the runtime of workflows.
Strikingly, none of the methods considers a heterogeneous infrastructure. It can be as-

sumed that this is the case because, from our experience, the memory consumption of the
same workflow task on different machines is often quite stable, especially when using the
same operating system and the same underlying processor architecture, unlike the runtime of
the workflow task, so that there is less need to evaluate methods across different machines.
Nine of the eleven methods perform error handling, i.e., they adjust the prediction after a

task failure. Many of the papers emphasized that the use of error handling has a significant
impact on wasted memory resources and is thus almost as important as the initial memory
prediction.
Eight methods are evaluated using simulations, while three evaluate their method on real

systems. We believe that most methods are simulated for practical reasons: The execution
of large workflows is time-consuming, and re-running parts due to memory failures further
increases the experiment time while consuming valuable cluster resources and energy. In
addition, simulations make it easy to try out a variety of error-handling strategies and method
configurations. However, once a well-working method has been found, it would be beneficial
to evaluate the methods in real-world systems, as this would increase the integration in real
scientific workflow management systems.
Overall, Pegasus was a commonly used workflow management system for evaluation in

older publications, while newer publications often use Nextflow.
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17.4 Applications of Task Performance Prediction for
Scientific Workflow Resource Management

Many advanced resource management methods make use of workflow task resource pre-
dictions. Prominent examples include workflow scheduling methods that aim to minimize
overall workflow execution time (modeled by the makespan) [30, 31], methods for energy-
and carbon-efficient workflow execution [32, 33], and methods that aim to predict and op-
timize the cost of executing workflows [34, 35]. Figure 17.2 provides an overview of a
typical execution environment for scientific workflows and shows how resource prediction
can be employed. When scheduling to minimize the makespan, the resource manager uses
predicted resources, such as memory and runtime, to determine the task submission order
and the best node for each task. Energy-efficient and carbon-efficient workflow execution
incorporates information about the energy efficiency of available cluster machines and the
availability of low-carbon energy. Finally, cost prediction considers the price of using cluster
machines and uses resource estimates to select the most cost-effective machine for a task. In
the following, we describe each of these resource management methods in more detail and
summarize relevant work.
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Figure 17.2: Typical execution environment where task performance predictions are used for
scheduling, energy-efficient and carbon-aware execution, and cost prediction. The cluster
can take different forms, such as an on-premise system, a virtual cluster in the cloud, or a
hybrid solution.

17.4.1 Workflow Scheduling
Introduction: Scheduling tasks has been a central topic in workflow research for
decades [30, 36]. For large-scale workflows, which are often executed on parallel and dis-
tributed platforms, scheduling involves deciding where and when to execute each task within
the workflow. These decisions are guided by specific objectives, typically aiming to optimize
performance or resource utilization.
Scheduling approaches can typically be categorized into online and plan-based strategies.

Online scheduling assigns tasks to resources as they become available, which provides flex-
ibility but often limits global optimization. Plan-based strategies, by contrast, create a full
schedule before execution begins, leveraging a broader decision horizon to achieve better
results for objectives like makespan. In this section, we focus on plan-based strategies as
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they benefit more from accurate runtime estimates.
A common objective in task scheduling is minimizing the makespan, which serves as a

proxy for the total execution time of the workflow [37]. However, other objectives and con-
straints, such as fault tolerance [38], throughput or latency [39], and energy efficiency (see
Section 17.4.2), have also been studied. These objectives often conflict with each other; for
instance, reducing energy consumption may lead to longer execution times. Addressing such
trade-offs often requires multi-objective optimization, adding complexity to the scheduling
problem.
The computational complexity of finding optimal schedules for large scientific workflows,

particularly on heterogeneous or distributed platforms, has motivated extensive research into
heuristic approaches. These methods provide practical solutions by approximating optimal
schedules. This section focuses on heuristic approaches, summarizing selected plan-based
works, highlighting their contributions to the field of workflow task scheduling.

Selected Works: Creating a plan-based schedule is NP-hard, even on homogeneous plat-
forms [40], motivating the use of heuristic optimization methods in practice. Among these,
two common approaches are list scheduling and partitioning-based heuristics. List schedul-
ing algorithms can vary in their approach, with many employing greedy strategies, while
partitioning-based methods divide the workflow into blocks to reduce the search space.
HEFT [30] is a seminal list-scheduling algorithm, which has been extended in various

ways to address different scheduling problem formulations, including PEFT [41]. Further
extensions include the work of Shi and Dongarra [42], as well as dynamic variants like
DVR HEFT [43] and P-HEFT [44]. Additionally, cloud-oriented adaptations, such as E-
HEFT [31], demonstrate the flexibility of this approach across diverse execution environ-
ments.
Partitioning-based heuristic schedulers, including dagP [45], DagHetPart [46], and the

framework by Viil and Srirama [47], are particularly beneficial for large-scale workflows.
By grouping tasks into blocks and assigning these blocks to nodes, these methods reduce the
computational complexity compared to scheduling individual tasks.
Dealing with multiple objectives adds further complexity. One common approach is to

combine multiple objectives into a single one, as demonstrated by Liu et al. [48]. Alterna-
tively, Pareto-optimal solutions can be sought, as done by Su et al. [49]. For example, Bathie
et al. [50] propose a dynamic ILP-based scheduling algorithm that accounts for memory con-
straints. However, these exact approaches are computationally expensive and thus mostly
limited to smaller workflows.
Another crucial challenge is the impact of imprecise task runtime estimations. Chirkin et

al. [51] explore stochastic scheduling methods to mitigate such inaccuracies, emphasizing
the importance of preparation steps in improving scheduling performance. Additionally,
practical systems have begun integrating monitoring tools that track resource consumption
and refine scheduling decisions over time [16, 52, 53]. These systems highlight the growing
importance of dynamic, data-driven scheduling in real-world applications.

Conclusion:
• Scheduling algorithms differ in their objective functions and solution approaches.
Among these, minimizing the overall makespan of the workflow remains the most
commonly pursued objective in workflow scheduling.
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• Most scheduling approaches depend on accurate estimates of task resource require-
ments. Inaccurate estimates can lead to suboptimal schedules, impacting both perfor-
mance and efficiency.

• Plan-based techniques, which often achieve better makespans due to their broader
decision horizon, are particularly sensitive to errors in task resource predictions.

• To address uncertainties in task resource estimations, practical systems increasingly
integrate adaptive techniques, such as runtime monitoring and feedback mechanisms,
to refine scheduling decisions dynamically.

17.4.2 Energy Efficiency and Carbon Awareness
Introduction: Executing workflows more energy-efficiently reduces their energy con-
sumption. This can often be achieved by right-sizing, only allocating for example the amount
of memory required by workflow tasks. Similarly, scheduling can reduce energy consump-
tion by ensuring that cluster resources are utilized well by task instances and little energy
goes to idling resources. In contrast, improving the carbon efficiency of a workflow reduces
its carbon footprint without necessarily reducing its energy consumption. This is possible
by aligning a workflow’s execution and, therefore, its load and energy consumption with
the availability of low-carbon energy from variable renewable sources such as wind and so-
lar. All these optimizations have in common that knowledge of the runtime and resource
utilization of scientific workflow tasks is useful, so that they directly benefit from accurate
performance predictions.
In the past, research has predominantly focused on improving the energy efficiency of

workflows [32, 54, 55]. More recently, however, research has started to optimize specifically
for carbon awareness of delay-tolerant batch processing workloads [56–58]. In this section,
we first summarize selected related work that improves the energy efficiency and carbon
awareness of workflows, before we draw a conclusion.

Selected Works: A range of methods has been proposed to improve energy efficiency and
carbon awareness for workflows. Below, we summarize key contributions in both areas.
GreenHEFT [32] and MOHEFT [54] are widely recognized algorithms for energy-

efficient workflow scheduling. GreenHEFT assigns tasks to nodes based on the lowest es-
timated energy consumption, while MOHEFT considers a trade-off between predicted run-
time and energy consumption. Both methods rely on performance predictions using models
trained on historical data.
Reddy et al. [55] introduce a scheduling framework that clusters tasks based on their

runtime and assigns clusters to virtual machines (VMs) according to predicted resource
availability. Their simulation results show reductions in resource consumption, workflow
makespan, and energy usage. However, as task clustering depends on runtime estimates, the
approach is sensitive to inaccuracies in these predictions.
Wen et al. [59] propose an adaptive scheduling approach for industrial workflows us-

ing a genetic algorithm. The method minimizes monetary costs and maximizes the use of
low-carbon energy by scheduling tasks across geographically distributed data centers. This
approach demonstrates the potential for reducing carbon emissions while maintaining low
additional execution costs.
More recent carbon-aware execution methods align workloads with the variable availabil-

ity of low-carbon energy in a single location, leveraging temporal load shifting and resource
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scaling. This goes beyond the previous approach, which migrates workloads to locations
where more renewable energy is available, as such migration is not always possible due to
security/privacy constraints and data transmission costs.
Wiesner et al. [56] examine the potential of shifting the execution of delay-tolerant work-

loads to times when more low-carbon energy is available to reduce carbon emissions. The
simulations assume that the duration of tasks and iterations is known prior to executing jobs.
In our work [14], we address this assumption by using a task runtime prediction model for
carbon-aware scheduling and, thereby, demonstrate the relevance of accurate runtime pre-
dictions in reducing carbon emissions.
Souza et al. [33] move beyond simulations by experimentally evaluating carbon savings

from simple carbon-aware execution mechanisms, such as applying them to workflows like
BLAST. These experiments assume that task runtimes are known in advance, which may not
reflect real-world conditions.
Hanafy et al. [60] develop an algorithm to minimize a workload’s carbon emissions

through carbon-aware scaling. This varies the resource usage of a given batch processing
application according to variations in the carbon intensity of grid energy, allocating more
resources when more low-carbon energy is available. The approach assumes knowledge of
the application’s runtime and relies on a measured scaling factor obtained through short pro-
filing runs. As such, the method would be affected by inaccurate runtime estimates and also
assumes that the application’s scaling behavior is constant even for long-running applica-
tions.
We note that none of these recent methods are specific to scientific workflows, despite

workflows being extraordinarily suited to carbon-aware scheduling and scaling, as they are
commonly significantly delay tolerant, efficiently interruptible, and highly scalable in terms
of allocations for both individual tasks and entire workflows, leading to a substantial poten-
tial for carbon-optimized execution [61].

Conclusion:
• State-of-the-art methods are able to reduce resource consumption, workflow
makespan, energy consumption, and carbon emissions using knowledge of workflow
task resource requirements.

• However, these methods assume that accurate information on the expected task run-
time and resource usage are available, which may not be the case in real-world sys-
tems.

• Furthermore, there are few methods that are workflow-specific and also few that si-
multaneously aim at energy and carbon efficiency by, for example, first targeting high
resource utilization and then aligning execution with the availability of low-carbon
energy.

17.4.3 Cost Optimization and Prediction
Introduction: Cost prediction and optimization for large-scale workflows is crucial for
scientists and enterprises, as they regularly work with limited budgets [35, 62]. Workflow
task performance predictions are a prerequisite for this, providing key information such as
expected task runtimes and resource requirements. Costs can be monetary if the target in-
frastructure is a cloud environment, but they can also be execution slots on shared clusters
that are not directly monetary. As cost optimization and prediction is a broad topic, we
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provide representative examples covering workflow cost prediction for cloud services and
minimizing cost under deadline constraints. In this section, we summarize selected related
work on predicting and optimizing the cost of executing a workflow.

Selected Works: Rosa et al. [35, 62] propose provisioning services for cloud federations
that can report the cost of workflow execution beforehand. This is achieved by predicting
execution times using a multiple linear regression model based on historical data. Validated
with two real-world bioinformatic workflows, this approach not only ensures accuracy but
also empowers users to optimize the cost and efficiency of utilizing federated cloud resources
for scientific workflows.
Alkhanak et al. [34] provide an overview of scheduling methods for scientific workflows,

emphasizing cost optimization and offering a taxonomy of cost-centric metrics. The authors
note that the cost of executing a workflow on an infrastructure and the time it takes to do
so are inversely proportional, as faster nodes tend to be more expensive, but these can be
conflicting optimizations. As a result, the scheduling mechanism must balance the cost of
execution and the timing of the workflow, both of which are influenced by inaccuracies in
resource predictions.
Malawski et al. [63] propose a method to minimize the cost of executing scientific work-

flows on cloud infrastructures. Their model employs mathematical programming languages
to formulate a mixed integer programming problem, utilizing knowledge about task runtimes
as one of the inputs. The models are evaluated with synthetic workflows and the real-world
Montage workflow running on AWS, demonstrating optimization for cost-efficiency.
Zhou et al. [64] propose two approaches that focus on minimizing the cost of schedul-

ing workflows while adhering to deadline constraints, as well as an approach that aims to
optimize cost and makespan at the same time. Their approaches use genetic algorithms, in-
cluding chromosome encoding, evaluation and selection, and crossover and mutation. Their
simulated evaluation shows that their approach significantly reduces monetary costs com-
pared to existing algorithms under the same deadline constraints.

Conclusion:
• State-of-the-art methods from the literature can achieve significant cost optimizations
in cloud environments and accurately predict execution costs using detailed informa-
tion about the resource usage of workflow tasks.

• However, these methods typically assume accurate resource prediction, an assumption
that may not hold in real-world systems and leaves room for research that accounts for
these uncertainties.

• State-of-the-art methods predominantly target cost prediction and optimization in
cloud environments, with limited focus on shared cluster environments, where costs
are measured in execution slots or time rather than monetary terms.

17.5 Summary
In this chapter, we have presented an overview of state-of-the-art runtime and memory pre-
diction methods for workflow tasks. First, we identified key characteristics of task perfor-
mance prediction methods. Second, we described and compared state-of-the-art methods in
detail. Third, we explained how such runtime and memory prediction methods are useful for
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advanced resource management methods such as workflow scheduling, energy-efficient and
carbon-aware workflow execution, and workflow cost prediction and optimization.
Our overview of state-of-the-art runtime prediction methods has shown that many methods

account for hardware heterogeneity, but none targets task execution on GPUs, a class of
devices that is becoming widely used for AI/ML applications. Meanwhile, heterogeneity is
not considered for any of the memory prediction methods. We assume that this is due to less
variability in memory consumption assuming the same operating system and architecture,
but it leaves room for further research if such assumptions are not met. Furthermore, most
methods for runtime and memory prediction have only been evaluated via simulations based
on workflow execution traces. Finally, we have observed that the majority of publications do
not publish their code, impeding reproducibility and reuse.
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