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Abstract—Whenever high-performance computing applications meet data-intensive scalable systems, an attractive approach
is the use of Apache Spark for the management of scientific
workflows. Spark provides several advantages such as being
widely supported and granting efficient in-memory data management for large-scale applications. However, Spark still lacks
support for data tracking and workflow provenance. Additionally,
Spark’s memory management requires accessing all data movements between the workflow activities. Therefore, the running
of legacy programs on Spark is interpreted as a “black-box”
activity, which prevents the capture and analysis of implicit data
movements. Here, we present SAMbA, an Apache Spark extension
for the gathering of prospective and retrospective provenance
and domain data within distributed scientific workflows. Our
approach relies on enveloping both RDD structure and data
contents at runtime so that (i) RDD-enclosure consumed and
produced data are captured and registered by SAMbA in a
structured way, and (ii) provenance data can be queried during
and after the execution of scientific workflows. By following
the W3C PROV representation, we model the roles of RDD
regarding prospective and retrospective provenance data. Our
solution provides mechanisms for the capture and storage of
provenance data without jeopardizing Spark’s performance. The
provenance retrieval capabilities of our proposal are evaluated
in a practical case study, in which data analytics are provided
by several SAMbA parameterizations.
Index Terms—Provenance, Dataflow, Spark, DISC systems.

I. I NTRODUCTION
Scientific workflows rely on large-scale processing to corroborate scientific hypotheses, which requires the execution
of data-intensive operations such as data loading, transformations, and aggregations [1]. Although both shell and Python
scripts are employed for the implementation of scientific
workflows [2], they may be not suitable for executing tasks
that require the controlling of parallel processing on highperformance computing environments. Such tasks require native distributed computing protocols, e.g., MPI, as well as
efficient serialization protocols for the distribution of objects
among computational nodes [3].
Therefore, script-based workflows become tricky to design as it is expected the programmers to implement the
management of parallel processing [4], which may limit
code and environment and blur the workflow experimental
reproducibility [5], [6]. Accordingly, several scientists employ
Scientific Workflow Management Systems (SWfMS), such as

Pegasus [7] and Swift/T [8] for the modeling, enacting and
monitoring of the execution of large-scale parallel workflows.
SWfMSs provide a series of advantages for scientists, including a variety of scheduling strategies, fault-tolerance techniques, and provenance management mechanisms. However,
some scientists are migrating their IO-intensive workflows to
execute in Data-Intensive Scalable Computing (DISC) systems, such as Apache Spark1 due to its popularity, high scalability and very large support community of users. Examples
are Kira in astronomy [9], Spark-GA [10], GOAT [11], and
ADAM2 in the bioinformatics domain.
The main advantage of DISC systems is they enhance the
workflow execution by exploring in-memory data movement
and processing. Frameworks as Apache Spark control the
execution of each activity regarding distinct data partitions to
provide automatic dataflow parallelism between activities. Key
Apache Spark data abstractions are the Resilient Distributed
Datasets (RDDs), which are essentially in-memory collections
of immutable and partitioned data instances to be processed in
parallel [12], [13]. However, a critical issue that has yet to be
addressed on the usage of Spark for the running of scientific
workflows is its lack of support for provenance data [14].
Provenance data can be enriched with domain data, i.e.,
the content of produced data files, to provide (i) partial
or full reproducibility of long-lasting workflow executions,
and (ii) analytics that describes both the experiment history
(searches upon consolidated databases) and the current status
(runtime queries) of the scientific workflow execution [15].
Spark provides a log for the record of parallel processing
activities, but its registers are incipient for reproducibility and
require user-provided parsing for the obtaining of execution
statistics [16]. On the other hand, the gathering of domain data
requires accessing raw data files, which somewhat resembles
the problem of scripts’ design [17].
The design of a solution for capturing and storing domain
and provenance data to Spark has several challenges [18].
For instance, provenance data from multiple and distributed
RDDs must be associated with the in-memory content for
the construction of derivation paths, i.e., domain data, but
the gathering of provenance data cannot jeopardize the workflow performance. Another limitation when using Spark with
1 https://spark.apache.org/
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