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ABSTRACT
Large-scale genomic data analyses has given rise to bottlenecks
in data management due to the production of many small files.
Existing file-archiving utilities, such as tar, are unable to efficiently
package large datasets with upwards of multiple terabytes and
hundreds of thousands of files. To create parallelized and multi-
threaded alternatives, ParFu (parallel archiving file utility), MPItar,
and ptgz (parallel tar gzip) were developed by the Blue Waters
team and the NCSA Genomics team as efficient data management
tools, with the ability to perform parallel archiving (and eventually
extracting). Scalability was tested for each tool as a function of the
number of ranks executed and stripe count on a Lustre filesystem.
We used two datasets typically seen in genomic analyses to measure
the effects of different file-size distributions. These tests suggest
the best user parameters and subsequent costs for usage as efficient
replacements of data-packaging tools.
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1 INTRODUCTION
Development of genomic analyses has enabled integration of per-
sonalized medicine into healthcare. Advanced computing also now
permits simultaneous large-scale genomic analyses on hundreds of
genomes, making genome sequencing an effective tool for disease
diagnosis and prevention [1]. The resulting datasets are upwards
of multiple terabytes, causing performance bottlenecks in data
management and movement. As the production of data increases
with technological advancements in high performance and cloud
computing, the need to efficiently manage data becomes increas-
ingly important [1] [6]. The challenges involved includes resource
efficiency, validation, and security [1].

Current single-threaded data management tools (i.e. tar) are
unable to efficiently package large datasets due to limitations in
the speed of read/writes and the movement of data between the
disks and tape drives [4]. To create fast, parallelized alternatives,
ParFu (parallel archiving file utility)1, MPItar2, and ptgz (parallel tar
gzip)3 were developed by NCSA teams at Blue Waters and NCSA
Genomics. We performed scalability analyses on the three tools, in
relation to the number of ranks executed and stripe count on the
filesystem, to measure scaling efficiency of the codes and optimize
file system usage.

2 ARCHITECTURE AND IMPLEMENTATION
ParFu is anMPI utility with "creations" and "extractions" modes, cur-
rently without an option for compression. It makes a catalog of all
the files to be archived, sorted by size, and that list is broadcast to all
of the ranks in the ParFu process to minimize the inter-process com-
munication. The MPI ranks read the input data and write them in
parallel into a single container file. ParFu produces a tar-compatible
archive file while gaining speed due to parallel data writing and
efficiently utilizing disk via compact packaging of constituents into
the archive.

MPItar uses MPI and a simple master-worker approach to have
a single MPI rank scan the files to be included in the tar archive
1https://github.com/ncsa/parfu_archive_tool
2https://git.ncsa.illinois.edu/rhaas/mpitar
3https://github.com/rchui/ptgz
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and assign them to a pool of workers. It is designed to limit the
number of file metadata operations to, at most, one call to "stat" and
one call to "open" per file. MPItar does not attempt to parallelize
within a single file, or optimize the order in which files are written.
To facilitate extraction of individual files from the archive, MPItar
includes a catalog file that makes it possible to extract individual
files without having to scan the full archive.

The third tool, ptgz, is a similar utility with compression. It uses
multiple nodes to run simultaneous instances of tar-gzip and calls
MPItar to package all gzipped blocks into a single archive. In order
to load balance the work, threads use an algorithm that alternates
between largest-to-smallest and smallest-to-largest assignment of
blocks to be gzipped. Extractions use an index file for multi-node,
multi-threaded extraction and unpacking of the tar files.

3 METHODS AND RESULTS
ParFu, MPItar, and ptgz were tested on the Blue Waters and iForge,
two systems at NCSA with very different filesystems. iForge uses
GPFS, which does not give users an ability to do file striping, as
is possible with the Blue Waters Lustre filesystem. Scalability was
measured as the relationship between the rate of data transfer per
node (GB/s/node) and the number of nodes used during the pack-
aging process. On Blue Waters we had the opportunity to test the
effects of file system size (i.e. number of object storage targets,
OSTs [5]) by placing input data sets on /projects (144 OST) and
/scratch (1440 OST), while maintaining consistent stripe count and
filesystem destination for the written data. To determine optimal
performance, stripe counts of 1, 4, 16, 32, and 64 were used for both
archiving and extracting. We used 2, 4, 8, 10, 20, 30, 40 nodes with
16 ranks per node for ParFu and MPItar, and 32 threads per node for
ptgz. Comparative scalability tests for input file collections, number
of nodes used, and tar compatibility were run for all tools. Perfor-
mance results were baselined against tar to determine increased
benefits for each of our three tools.

Input datasets used to determine ParFu, MPItar, and ptgz scala-
bility included two kinds of file size distributions representative of
typical genomic data to measure variations in performance.

(1) The "Millions" Dataset: several millions of small files (kB),
representative of an output from a GWAS analysis4. Retrieval
of a large number of many small files creates strains on
Nearline storage, due to fragmented distribution across tapes.

(2) Variant Calling Dataset: results of the best practices GATK
[3] variant calling pipeline run on a set of synthetic Illumina
sequencing reads generated by NEAT 5 to emulate reads
produced at 30X depth, 100 nucleotides long, at sequencing
error rate of 0.1%, with mutations randomly inserted at the
rate of 0.05%. The output data for such a workflow consists
of many small files (<GB) and small number of large files
(tens and hundreds of GB), representative of an L-shaped
distribution. Transfer protocols for files are different for
small files and large files, resulting in inefficient transfers
for L-shaped distributions. Bundling the entire output folder
into a single package allows to optimize the network transfer
protocol.

4http://www.vital-it.ch/software/FastEpistasis
5https://github.com/zstephens/neat-genreads

Preliminary results suggest near-linear scalability for ParFu on
L-shaped file size distribution, and better scalability for MPItar on
flat distributions than L-shaped distributions. For unstriped per-
formances at 40 nodes, ParFu is 145 times faster than tar when
packaging the Variant Calling dataset, and is 16 times faster than
tar when packaging the Millions dataset. Overall, increasing num-
ber of ranks increases performance for all tools. There is possible
saturation of ranks by the very large number of small files present
in some datasets as well as I/O limitations of the resident file di-
rectory that limit scalability for other datasets. ParFu especially is
limited by the number of small files, when packaging the Millions
dataset, there is a possible oversaturation of resources resulting
from the latency of opening and reading a small file. In contrast to
the Millions dataset, ParFu displays near-linear scalability while
packaging datasets with larger files. MPItar results demonstrate bet-
ter scalability for the Millions dataset’s flat distribution but worse
for Variant Calling’s L-shaped distribution. ptgz demonstrates simi-
lar scalability as MPItar for Variant Calling. Both are limited by the
L-shaped file distribution because neither parallelize within files.

4 DISCUSSION
Big-data genomics research utilizes powerful computations [2].
Even with advancements in high performance computing and high
throughput technology, there remains a demand for parallelized
file aggregation tools in order to manage these datasets. Research
and development for parallelized filesystems to scale large data
operations must be able to support the I/O demands and may need
to explore non-tree based directory architectures [2]. The potential
for new filesystems integrating these facets of parallelism, high
scalability, and security will yield future advancements in file ag-
gregation/data management in response.

Unlike ParFu, popular file aggregation tools such as ptar6 and
pigz7 utilize multi-threaded compression, but do not take advantage
of the parallel filesystems found in cluster environments. Parallel
filesystems can really increase the speed if all processing elements
are utilized in parallel. rsync8 can be useful for file synchronization
between systems, using remote-update protocol [8]. However, its
delta-transfer algorithm restricts bandwidth, which may strain the
filesystem, and running rsync in a parallel file system does not
increase the speed of file transfer [8].

A parallel version, parasync, utilizes concurrent rsync runs, but
does not perform well with small data sets or slow network con-
nections [7]. fcp [9], developed for fast copies of data between file
systems, employs multiple nodes to increase performance. It has
good scalability as node count increases, but no significant increase
in performance for stripe counts below 32 when the input dataset
consists of many small files [9]. ParFu sees similar performance
improvements as the number of ranks increases and with stripe
counts below four.

Further testing should focus on the effects of changing block size
and number of blocks per group for ParFu, utilizing different com-
pression settings for ptgz, and performance comparisons against
popular file aggregation tools.

6https://github.com/moul/ptar
7https://github.com/madler/pigz
8https://github.com/AndyA/rsync
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