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1 Introduction

Scientific workflows have become an important part of different areas of re-
search [TI2]. Consuming input data, scientific workflows execute a interdepen-
dent set of data processing tasks.

Advances in storage capacities enable scientific workflows to leverage increas-
ingly large input datasets [3]. Large datasets are particularly common in remote
sensing workflows (e.g. the Sentinel mission publishes multiple TiBs per day [4]).
Remote sensing datasets are partially or fully hosted by a variety of heteroge-
neous institutional and commercial providers [5]. The execution of data-intensive
scientific workflows can, therefore, involve the integration of multiple remotely
hosted datasets.

State-of-the-art scientific workflow management systems (SWMSs) and resource
managers are limited to operate on a single cluster of compute resources [6I7g].
Thus, remotely hosted input data need to be transferred to a single site to start
the execution of a scientific workflow. Transferring data from multiple remote
sources to a local site imposes long wait times and large network loads. More-
over, complete datasets might not fit into the locally available storage capacities
or become outdated.

These observations imply the need for novel federated scientific workflow sys-
tems (FSWSs). FSWSs have to deal with (1) , managing information on avail-
able datasets and compute capabilities at certain sites, (2) partitioning scientific
workflows to multiple sites, and (3) orchestrating data transfers and distributed
workflow execution.

One of the major shortcomings of previous research on scientific workflows is the
assumptions of static workflows (i.e. all task instances are known a priori). This
may be a desirable property for certain types of theoretical workflow analysis
but does not reflect the reality in modern SWMSs [9].

In this master’s thesis, as a first step towards FSWSs, we aim to design and
evaluate a dynamic partitioning strategy for scientific workflows. To this end,
we will establish a cost model with an emphasis on the costs of transferring
data. Additional problems we need to solve include determining when to recom-
pute the current partitioning and how to apply a new partitioning to a running
workflow (e.g. how do deal with running tasks.)



2 Related Work

Scientific workflows and different aspects of designing, executing, and monitor-
ing them have been subject to numerous studies [2J3]. The need for the federated
execution of scientific workflows has recently emerged as a consequence of in-
creased data sizes. There is little prior research on federated workflow execution.
However, other areas of research have faced similar challenges and thus, might
facilitate the development and study of FSWSs.

One such area of research is the distributed or federated processing of database
queries [TOJTTIT2). A shared challenge with federated workflow execution is the
processing data in a distributed setup and the problem of deciding if, when and
where to transfer data. However, the data model in query processing is fully
known a priori, enabling a simple record-based partitioning. In contrast, scien-
tific workflows incorporate an arbitrary number of potentially non-standard data
models. Another difference is that query processing relies on a well-known set of
relational operators, while workflow tasks can range from simple bash scripts to
complex scientific tools and are thus treated as black boxes.

The partitioning of scientific workflows has previously received attention [I3I14].
A key driver for this research was the consideration of security aspects. Specifi-
cally, prior work aims to partition scientific workflows with respect to different
security levels of data and compute sites [ISJTGTTIT8IT20]. In contrast, our
work focuses on data transfer reduction and workflows without security critical
input data. This is supported by open data policies in certain targeted fields
of science (e.g. open data policies in remote sensing [21]). Other previous work
on workflow partitioning assumes static parameters for sites and workflows [I5],
optimizes for makespan time [22] or assumes tree-shaped DAGs [23].

Dynamic partitioning of scientific workflows has received little prior attention.
Wen et al. proposes a dynamic re-partitioning approach [19]. However, here, the
dynamicity does not refer to the workflow but the cloud environment. In par-
ticular, their approach reacts to cloud failures or changes in the pricing models
whereas we target dynamic workflows.

Other related areas of research include cost models for multisite execution [24I25126],
multi-cloud research [26l2712829T624/25)30], cloud federation [29124], schedul-
ing of scientific workflows [31I32I33134], scheduling that aims to reduce data
transfers [35J30/37I38], and data placement [39/40].

In the preceding study project [4I], we developed a parser application that
derives the DAG from a scientific workflow defined in the Workflow Descrip-
tion Languageﬂ (WDL). Additionally, we manually partitioned a static scientific
workflow, and prototyped an evaluation environment for the partitioning and
federated execution of scientific workflows.

! https://github.com/openwdl


https://github.com/openwdl

3 Dynamic Partitioning

Cost Model

Comparing different partitionings relative to a given set of task characteristics,
task dependencies, available sites, and their resources requires a cost model.
In this work, we aim to establish a cost model that incorporates the costs for
computations, storing data, and data transfers. We will focus on the cost of data
transfers incurred by handling large and distributed datasets.

A key challenge in our work will be the dynamicity of the workflow. Specifically,
at the start of the execution, it may be unknown how many physical tasks will
be instantiated from a single abstract task and which data will be required for
a single task. Therefore, we will design heuristics to estimate the expected costs
of task execution on a given site. Aligning with the dynamicity of the workflow,
we will continuously improve the cost model when new information becomes
available about physical tasks.

Partitioning

We define a static partitioning of a scientific workflow as the mapping of all phys-
ical tasks to compute sites. Static partitionings require knowledge of all physical
tasks. However, due to the dynamicity in our scenario, we can not assume to have
that knowledge a priori. To solve this problem, we propose dynamic partitioning
of scientific workflows. Here, knowledge about physical tasks only becomes avail-
able gradually. A dynamic workflow partitioning incorporates new knowledge of
physical tasks to update the task assignments. This update process will involve
the computation of the total cost of the current partitioning and the search for
cheaper alternative partitionings.

Our approach will start with the computation of an initial partitioning of the
scientific workflow. Initial partitionings will be solely based on the abstract DAG
and locations of the input data. This reveals another challenge for our approach.
Namely, we partition physical tasks of a scientific workflow without any knowl-
edge about the number and concrete data dependencies of these tasks. To solve
this, our partitioning will contain a combination of physical tasks assignments
and conditional assignments. Conditional assignments are evaluated when a re-
lated physical task becomes available and return a concrete compute site.
Based on the initial partitioning, our approach will continuously evaluate new
information on physical tasks and their dependencies to update the cost model
and reevaluate the partitioning. The core questions in this process will be when
to reevaluate the partitioning and how to incorporate new information into the
cost model and the partitioning.

Implementation Aspects

Based on the parser application developed in previous work, we will develop a
workflow partitioner. The partitioner reevaluates the current partitioning and



potentially computes a new partitioning.

The workflow rewriter reads the WDL file that describes the original workflow
and gets a workflow partitioning. Based on these inputs, the rewriter creates a
new WDL file that materializes the partitioning in the original workflow. Con-
cretely, all workflow tasks are rewritten so that they connect to a remote site
and execute the original tasks on that site. Moreover, we introduce dedicated
tasks to organize data transfers. This setup enables us to use a local executor
that orchestrates the federated execution of scientific workflows.

4 Evaluation

In the preceding study project, we created an evaluation environment for the
partitioning of scientific workflows. The environment consists of 5 virtual ma-
chines with modifiable network properties between the sites. In this work, we
will reuse and extend the environment if needed.

We will extend WfCommonsEI WfBenc}EI to generate synthetic WDL workflows
for our evaluation.

In addition, we will investigate the feasibility of switching our prototype to a
simulation mode to accelerate the evaluation process.
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