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1.

Introduction

This Memo covers design work performed by the joint project team at ICRAR and
CSIRO in context of the Square Kilometre Array (SKA) Science Data Processor (SDP)
preconstruction with an emphasis on software solutions based on Australian
precursors.
The SDP is a design element of the SKA observatory (Figure 1). The SDP receives data
from the radio correlator and generates science ready data products and a searchable
catalogue. During the preconstruction phase it became apparent that the SDP facility
will neither have the compute power nor the capability to support science teams all
the way through the necessary data processing and analysis steps as necessary to
reach the publication stage of scientific results. The project team mitigated the
opening gap by conceiving an end to end workflow irrespective of scope boundaries
and in support of the Australian SKA Regional Centre (ASRC) initiative.

Figure 1: SKA system overview.

The report structure is aligned with the four defined project outcomes (section 1 -4):
1. Finalise the design of the Execution Framework and Preservation System in
order to meet Critical Design Review requirements;
2. Verify the design against existing infrastructure and software tools of
precursor and pathfinder telescopes;
3. Extend ASKAPsoft for processing MWA and other aperture array instruments
and simulating SKA1-Low data; and
4. Integrate ASKAPsoft with the execution framework prototype DALiuGE.
Section 5 summarizes industrial co-design activities, followed by technical reports
about the three Data Challenges outlined in the project plan (sections 6 - 8).
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1.1

Execution Framework

The Execution Framework architecture extends the traditional dataflow model by
integrating data lifecycle management, graph execution engine, and cost-optimal
resource allocation into a coherent data-driven framework. Meanwhile, the SDP
architecture has evolved and the SDP Algorithmic Reference Library started to take
shape as an independent prototyping effort. This motivated two additional work
items. Firstly, an SEI compliant view [R01] highlighting the relevance of the DALiuGE
implementation in context of the new execution framework architecture. And
secondly, a DALiuGE interface to ARL (§7.3).
DALiuGE can execute single or multiple workflows on very small to very large
numbers of compute resources. It is highly modifiable, has been tailored to many
existing missions in batch and stream processing context and does not rely on a global
file system. As such it preempts the need for multiple execution engines along a
staged construction with multiple rollout milestones. DALiuGE has been architected
and designed from ground up to meet the SDP requirements and the design has been
verified with an implementation and running a whole set of scalability test cases as
well as real world science processing. Looking at other existing execution engines, we
think that at least some of them would be configurable and/or modifiable to meet the
SDP requirements as well. DALiuGE has the advantage that it is a well known entity
and specifically tailored to what the SDP needs, but for sure it is not the only solution.
The question remains, whether the effort involved in tailoring and tweaking other
solutions to our needs is less or more work than continuing to work on DALiuGE. The
other open question is about long-term maintainability. The landscape of execution
engines is changing very fast, what seems to be the go-to solution right now, might
disappear completely or significantly change in a few months from now. Neither
commercial nor open source solutions are immune to that problem. If anything, the
effort of designing, implementing and testing DALiuGE has shown that it actually is
not that hard to write a tailored solution. The remaining issues and challenges are in
areas which are issues and challenges for all the other existing engines as well. These
include workflow scheduling and I/O dependencies.
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Figure 3: DALiuGE Processing Component & Connector View.

1.2

Preservation System and Science Catalogue

The Preservation System stores science data products and associated metadata. It
features a medium-term and a long-term storage system for intermediate and final
science data products. The current, preliminary SDP budget assumes capacities of
0.13 Exabyte for the medium and 0.45 Exabyte for the long-term storage. These
volumes are summed up over SKA_MID and SKA_LOW and for the first two years of
operations following the full antenna deployment in the mid 2020s.
So far, the modelling of the above mentioned 'associated metadata' had received little
attention in the design. Relatively little is known about the structure and format of
some of the science data product types, of which there are about eight. To make a
start, a member of the project team had led the initial modelling of the Science Data
Product Catalogue (SDPC). The SDPC is part of the Preservation System and the
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respective SDPC Schema is modeled to capture observational metadata, data and
software provenance as well as data product access info. Following on from that the
project evaluated the SDPC schema against an existing Virtual Observatory toolset
(§1.2.1), investigated how to facilitate the packaging of complex data products (§1.2.2),
followed through the workflow of a corner case from the pulsar search domain
(§1.2.3) and devised a database topology for federating and maintaining catalogue
entries from SKA_MID and SKA_LOW (§1.2.4).

1.2.1 Science Data Product Catalogue Schema and Evaluation
The Science Data Product Catalogue (SDPC) is the primary source for relaying
observation metadata to the world. It therefore needs to abstract observatory
specifics and provide an interface that interoperates with external data centres.
External users need to find, access and (re)use the catalogued data products.
Incidentally, these are the guiding principles of FAIR [R02]: findable, accessible,
interoperable, re-usable. The respective IVOA standards are widely adopted. The IAU
as well as the United Nations’ COPUOS recognize the IVOA as keeper of FAIR data
standards in astronomy. Consequently, the SDPC schema makes heavy use of the
relevant data models and in particular ObsCore [R03]. It was prudent to perform a
reality check and investigate how readily available existing implementations are. To
that end two Virtual Observatory frameworks were looked at. Those two were the
Common Archive Observation Model (CAOM v2.3) implementation from CADC and
GAVO’s Data Center Helper Suite (DaCHS). Both are well maintained and widely used
in astronomy data centres. The evaluation of DaCHS is still ongoing and is not further
discussed here.
The evaluation included the ingestion of observational metadata and data products
into an archival sandbox and consequently finding and accessing them. The
important point was compliance with the SDPC schema. Any re-use of data products
downstream of ingest can then benefit from interoperable VO tools and services.
CAOM comes with a set of Python client scripts for manipulating and ingesting data
products including observational metadata.
Alternatively, there is a Java
implementation (fits2caom2), which happened to be superseded by the Python
implementation during the tests. The CAOM server comes with a Sandbox web GUI
(http://sc2.canfar.net/search/).
In the absence of an SKA Telescope Manager implementation which would otherwise
be the main source of observation metadata, we used the provided caom2gen utility
as a workaround. It maps file header keywords to the ObsCore-based CAOM schema.
The mapping is defined through a configuration file called a blueprint. The SDP
preservation process itself does not require data products in FITS format or any other
specific format.
Coming back to the experiment, an experimental SKA collection of observations has
been created and populated with sample data products. Data products were ingested
from local disk as well as from a VOSpace storage area. The VOSpace option was
added as a convenience and a proof of concept. Putting the data products on VOSpace
and co-locating them with the sandbox meant low network latency for time efficient
testing. The client installation was located in Australia and the server was hosted in
Canada. For more on VOSpace see §8.1.
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After sorting a few software issues the ingest process worked as intended and the
experiment as such was successful. For the benefit of future use and based on the
feedback from this exercise CADC was quick to put up a new tutorial and
corresponding Docker container with a worked example on how to create an instance
of a CAOM2 observation from multiple files:

1.2.2 Science Catalogue and Data Product Packaging
The SKA Science Data Product Catalogue needs to facilitate the packaging of processed
data products for the purpose of finding, accessing and potential post-processing. The
IVOA defines a number of methods to package and associate multi-part data products
or multiple subproducts.
1. Logical Grouping: A number of data products can share an Observation ID in
an ObsCore compliant repository. The Collection concept provides an
additional high level grouping of data products, like those from a particular
telescope, instrument or survey.
2. Archive Format: Related artifacts can be packaged into an archive file format
like tar. Some archive formats natively support compression or can be easily
(stream-)compressed for transfer and storage purposes. The Observation ID
and data product type can be used to describe the nature of a specific file
archive.
3. Linking: More complex and even distributed data products can be supported
through DataLink [R12] services. One use case is access to a DOI publication
reference. It also allows to separately access, spectra, images, tables etc. that
belong to a single complex data product by cascading to the respective special
purpose services, in the given example SSAP, SIAP and ObsTAP. DataLink
supports nested structures.
4. VO Software Framework: There are VO software frameworks and multi
mission archives that provide various levels of support for building new data
collections using all of above. Examples are CAOM by CADC and DaCHS by
GAVO. CAOM, for instance, allows to arrange Observation subproducts into
planes, artifacts and chunks. There is also support of VO data models for
coordinate frames and the characterization of measurement axes. This in turn
enables the implementation of feature rich and mission specific archive
portals based on IVOA compliant components (APIs).
The pulsar team at Uni Manchester identified an interesting use cas for above
methods, which is described in the following section.

1.2.3 Use Case – OCLD Support for Pulsar Candidate Confirmation
Upon the completion of a scan the Pulsar Search Sub-system passes a set of pulsar
candidates to the SDP [R14, R15, R16]. The candidates are packaged in the form of an
Optimal Candidate List and Data (OCLD) [R10]. An OCLD has a list of potential pulsar
candidates that gets sifted by a candidate processing pipeline. Considering support of
OCLDs in the SDPC poses an interesting use case for two reasons. Firstly, OCLDs are
an intermediate science data product, which means temporary, further processing is
expected either at one of the two SDP Facilities (SDPF) or elsewhere. Secondly, an
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OCLD is a rather large logical container with in the order of 104 artifacts (files).
Up to a 1000 candidates are sifted per OCLD. Candidates are generated per scan and
beam. [R10] gives an upper limit of 1500 beams and a cadence of 3 - 30 min/scan.
That’s 0.8 to 8 OCLD/s on average for the duration of a scan including 1.5 · 106
candidates/scan. Each of the 1.5 · 106 candidates comes with a visibility cube, a
number of collapsed cubes (sheets) and metadata. That makes about 107
artifacts/scan, and depending on telescope time allocation and observing strategy
some 1010 artifacts/year.
The SDPC schema treats intermediate data products similar to final science-ready
data products. As such, an OCLD is no different from any other data product. The
main question is that of cardinality given the large number of candidates and
candidate lists. An OCLD contains all candidates for a given beam and scan (
OCLDscan,beam ). In the simplest case, the obscore:Access.Reference points to a tarball or
similar archive format that contains all ≤ 104 artifacts of OCLDscan,beam .
This approach could dominate the main catalogue with potentially millions of records
that are only relevant/existing for a short period of time and for very few potential
users. To cater for special cases like this Astronomy mission archives break out
sub-catalogues. Some metadata of such a possible sub-catalogue are given in Table 1.

Item

Description

IVOA UCD

Candidate ID The unique identifier for the candidate.

meta.id

Beam ID

The beam the candidate was found in.

meta.id

RAJ

right ascension (J2000) of the source.

pos.eq.ra

DECJ

declination (J2000) of the source.

pos.eq.dec

Period

period found during the search in milliseconds.

time.period

Pulse width

pulse width in milliseconds.

src.var.pulse

Acceleration pulse acceleration

src.var.pulse;
phys.acceleration

DM

DM found during the search

phys.dispMeasure

Spectral S/N

The spectral S/N found during the search

stat.snr

Folded S/N

The folded candidate S/N

stat.snr

Sifted

A flag indicating whether or not the candidate
survived sifting

meta.code

Duplicate

A flag indicating whether or not the candidate has
meta.code
harmonic duplicates.
Table 1: Candidate list attributes and UCD mapping.

In that case the foreign key of the sub-catalogue is the Observation ID of the main
catalogue (obscore:DataID.observationID) . Possible key values are the Scan ID (
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OCLDscan,beam ), the parent Scheduling Block Instance ID ( OCLDsbi,scan,beam ) or the
grandparent Program Block ID ( OCLDprog,sbi,scan,beam ), each of which are stored as part
of the Telescope Manager's OSO Data Archive (ODA). The difference to a user is the
granularity at which the main catalogue can be searched. Whatever the granularity,
at some point a secondary (database) query is triggered to access an individual OCLD.
Given the intermediate nature of the OCLD the main driver for the granularity should
be the post processing strategy. Two points in particular, locality and parallelism.
Locality is either local within the SDPF or an external processing facility. Parallelism
determines the data partitioning for efficiently feeding the data to the Execution
Framework (§1.2). This in turn is dependent on the algorithm and the available
compute resources. None of these boundary conditions are set at present.
Should some future disruptive design choice require a different approach altogether
there is the option of using the DataLink protocol instead of a sub-catalog. It allows to
orchestrate data services and to support access patterns of almost unlimited
complexity - at the cost of implementing and testing the respective functions and
control flow logic. A possible use case is the creation of cutouts or some other
transformation to reduce the transfer volume to an external processing facility. In
this case, the obscore:Access.Reference for a given Observation ID points to a DataLink
VOTable schema (MIME type application/x-votable+xml;content=datalink), which in
turn encodes the data service orchestration.
Option 4 of §1.3.2 is about VO software frameworks that come with additional
functionality for supporting non trivial relations between data artifacts. CAOM2, for
instance, supports deep hierarchies and 1:n relationships between Collections,
Observations, Planes, Artifacts, Parts and Chunks. It removes the need for custom
code to ingest, search and retrieve a datum. It obviously introduces a dependency on
third party code and operational procedures have to be tailored and configured
accordingly. On the other hand, the VO software frameworks are likely going to be
maintained by the same organizations that will also be major partners of regional
centres. Since the baseline data models are standardized this is hardly a significant
risk, but certainly a great opportunity to engage a wider community.
Since the final processing of OCLDs may happen offline this brings up the issue of
keeping the SDPC up to date. Figure 4 has the logical sequence of events. When an
individual OCLD candidate is received, processed and confirmed (Confirmed Data
Product), the highly decimated product is pushed to a nominated long-term storage
platform, for example a VOSpace, and the intermediate OCLD can be removed from
storage. The Confirmed Data Product metadata are synchronised with the SDPC and
can be consequently released in accordance with the data access policy.
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Figure 4: Sequence diagram of a Pulsar Candidate Verification Pipeline.

Table 2 has pulsar provenance metadata suggested in [R10] and columns Item and
Description are taken from there. These two columns were in turn inspired by the
PSRFITS format [R17]. The source of a metadata item is either ODA (OSO Data
Archive), PSS or SDP. The Unified Content Descriptors (UCD) are an IVOA defined
vocabulary [R11] which is useful for tagging catalogue columns in a system
independent fashion. The UCD syntax uses semicolons to separate primary and
secondary words.

Item

Description

Source

IVOA UCD

Scheduling Block ID

the scheduling block the data was
created in

ODA meta.id1

Program Block ID

the program block the data was
created in

ODA meta.id1

Scan ID

the scan the data was created during

ODA meta.id

Subarray ID

the sub-array configuration, if
applicable

ODA meta.id

1

Item can be mapped to mandatory ObsCore element; otherwise it is an optional/additional
element of the SDPC Schema.
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PSS

meta.id;
meta.main

CBF Pipeline Version pipeline processing the data

PSS

meta.version;
meta.software

CSP Pipeline Version pipeline processing the data

PSS

meta.version;
meta.software

SDP Pipeline Version pipeline processing the data

SDP

meta.version;
meta.software

Product ID

the data product identifier

History

description of the steps applied to
the data

PSS

meta.file AND/OR
meta.calibLevel

Size

Size of the product (bytes)

PSS

phys.size;
meta.file1

Intermediate
Products

flag indicating if there are child
products

PSS

meta.code.multip

Table 2: Pulsar provenance metadata, producers and UCD mapping.

1.2.4 Science Data Product Catalogue Replication
This section applies conventional database replication concepts to the SDP Science
Product Catalogue (SDPC) and outlines a robust system topology that is resilient
against network latency. The following requirements are assumed:
●

●
●
●
●
●

The SDPC is a distributed database that is populated by the SDP Facilities
(SDPF) in Australia and South Africa (tier-0) as part of the processing of
scheduling blocks and programs.
A unified view of the SDPC is made available to internal and external users.
The SDPC content can be maintained remotely.
Updates to the SDPC schema and database products are coordinated between
sites
SKA Regional Centres (SRC) can receive a verbatim copy of the SDPC and
receive updates in quasi real-time
Scientific users can gain access to these verbatim copies through IVOA
compliant user portals and services hosted by SRCs external to the SKA
Observatory.

As discussed in the Preservation Design [R04] a relational database model is presently
the best match for the SDPC. Other solutions like NoSQL database are not
categorically ruled out.
The network latency across continental distances between database servers leads to
an asynchronous approach (no synchronous transaction management). Instead, the
design of the core (tier-0) database infrastructure involves master-master replication
between the SDPFs. Each SDPF writes to a segregated dedicated database. Two
independent master-slave streams cross-replicate the complementary sets. To avoid
Document No: SDP Memo 079
Revision: 1
Release Date: 2018-10-08

Unrestricted
Authors: A.Wicenec, J.C.Guzman et al
Page 15 of 66

write conflicts between SKA AU and SKA SZ the two sets are segregated by facility
similar to a sharded database. Uniqueness of records is enforced by location specific
tagging.

Figure 5: SDPC database topology. SDPC denotes the unified view of the data products generated
by SDPF AU and SA. Segregation by facility and exclusive write access at the respective source
SDPF improves robustness in a high latency environment.

The SDPC is implemented as a logical joined view of the two SDPF record sets.
Verbatim (read-only) copies of the joined view are provided to SRCs using physical
replication. Further copies can be cascaded to lower tier databases at regional partner
sites. Finally, SRCs may provide end user access through IVOA compliant interfaces
and portals that honor the data access policy.

Proof of Concept
A proof of concept SDPC using the free PostgreSQL database has been implemented
and tested with a simple schema. An overlay database having references to
SDPF-specific databases was created and unified views of all the entities (tables) to be
exposed for sharing were built. The design uses:
●

Logical replication SA → AU for information specific to SDPF South Africa

Document No: SDP Memo 079
Revision: 1
Release Date: 2018-10-08

Unrestricted
Authors: A.Wicenec, J.C.Guzman et al
Page 16 of 66

●
●
●

Logical replication AU → SA for information specific to SDPF Australia
Physical replication to feed SRCs
Table inheritance and foreign data wrappers to create a unified data view

Network delays and instabilities were simulated by configuring the Linux kernel
network queueing subsystem. The IVOA access layer to SRCs is outside the scope of
this setup since it is known to integrate well with relational databases. The source
code is available here.
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2. SDP Design Verification against existing Tools and
Infrastructure
2.1

NVMe Test: Analysing SDP Hierarchy Storage Option

The Rialto project explored some of
the
latest
compute
hardware
technologies and their performance
potential,
namely
Non-Volatile
Memory Express (NVME) drives,
essentially Solid State Drives with a 4
lane PCIe 3.0 connection to the host.
The host was a commercial BigFoot
storage node with 45x 10 TB disk
drives. The goal was to verify that this
solution provides increased low
latency throughput and can capitalize
on internal parallelism of SSDs.
This work mitigated SDP risk
SDPRISK-363, “Buffer hardware and
software does not meet performance
requirements”, which was classified
as having high exposure and impact.
Photo: ICRAR Compute Lab. Inset: BigFoot storage node.

In order to determine the maximum achievable performance of the given test system
a non redundant configuration was chosen by putting the 4 NVMe drives into a
software (mdadm based) RAID-0 configuration with an XFS filesystem.
Disk throughput was tested with two independent tools. These were the IOzone
filesystem benchmarking tool and diskTest, code developed in house as part of the
NGAS storage system, which in turn is used by the precursors ASKAP and MWA.

2.1.1 IOZone
The Iozone filesystem benchmark tool was used to measure IO performance over a
wide range of block and file size combinations. Relevant system parameters were:
● System memory: 96GB RAM
● 4 x Micron 9200 NVMe drives with dedicated PCIe 3.0 x 4 lanes
● NVMe drive partitions aligned to match cell size
● 4 x NVMe drives put into RAID-0 volume with 1MByte chunk size
● XFS filesystem created on RAID-0 volume with stripe unit size of 128k
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First, a look at sequential write performance as needed during raw data ingest
(Figures 6 and 7).

Figure 6: Sequential, single-threaded write throughput for given file and block sizes.

Figure 7: Single-threaded IO is CPU bound; see Figure 9 for parallel IO.

Next up, a look at random read performance (Figure 8). Random access is undesirable
for data intensive applications. It can be caused by code that is simply not optimized
or the data are, for whatever reason, striped orthogonally to the access pattern.
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Figure 8: Random read performance is even stronger correlated with storage and cache
granularities for small files and a plateau for large files due to CPU saturation.

While the single threaded throughput of the RAID-0 configuration of NVMe drives is
clearly CPU limited this is not a likely scenario in a production environment. Figure 9
shows how performance evolves when adding more parallel readers and writers.

Figure 9: Caching exaggerates parallel read performance (green). 4 parallel writers (blue) are
close to the theoretical bandwidth of the PCIe v3 interface (red dashed line).

For the given setup the write performance peaks for a few writers. Readers and
writers benefit from caching and total read throughput plateaus well above the
physical bandwidth. Switching off caching and buffering brings the peak write speed
down to 7 GB/s (not shown in the plot). A separate test using the dd command showed
sustained write performance up to 20 parallel writers, whereby 20 was the number of
available CPU cores. More measurements of parallel IO are given in §2.1.2.
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Figure 10: Some file offsets yield higher write latencies than others. The overall distribution is
fairly smooth though.

IOZone tests showed that theoretical read and write performance is achievable in
actual practice. The NVMe augmented system performs well across the whole range
of small to very large file and block sizes. What is not visible in the plots is that the
system was responsive to configuration changes between runs and was relatively
easy to tweak for an experienced sysadmin. As such the new system behaved as
expected from a mature product. Therefore, it can be repurposed for production use
at the end of the project.

2.1.2 DiskTest
DiskTest is a python script developed as part of the NGAS package to emulate the load
NGAS is producing on the target disk arrays and on the network. For this new
hardware the diskTest software was upgraded to support parallel writes using the
python multiprocessing module, primarily because 100% CPU load on a single writer
had been observed. This was also seen with IOzone (§2.1.1). Various tests have been
carried out to assess the performance of both the NVMe drives and also the hard
disks.

Pseudo Random Writes
In order to simulate pseudo random writes the test was run with 20 processes writing
4k blocks to 20 different files of 5G size each. In summary the NVMe drives achieved
a total throughput of 6496.97 MB/s in 15.76 s. The individual processes behaved very
similar during the run and the total number of blocks written in this test was
26,214,400 translating to 1,663,350 IOPS.

Sequential writes
Writing to a single file maxes out at around 2.5 GB/s, which seems to be CPU limited
for some currently unknown reason, but is reproducible with IOzone as well. The
maximum is obtained when writing with 7 processes to four 5 GB files using 1MB
blocks. In this case the throughput can be increased to about 7.7 GB/s, which is then
I/O limited. For all the tests diskTest was run with 5 repetitions of write processes in
order to avoid caching effects.
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2.1.3 Heat Management
During the testing inconsistencies were noted between runs of the above
performance analysis tools. By charting of throughput vs temperature it was
determined that the NVMe drives under test were scaling back performance due to
overheating. The system vendor devised an improved airflow through the rack which
brought the drive temperature down both during idle and extended (20 minute) of
peak performance testing. Figure 11 compares the results before and after the
hardware modification.

Figure 11: Read performance before (left) and after (right) improving the rack cooling airflow.

This highlights the importance of having a good relationship with any proposed
hardware system vendor. The exact use case and hardware configuration of the SDP
processing platform may not match the configurations tested by the vendor or
simulate the exact load placed profiles that are anticipated.

2.2

DDFacet and killMS for MWA

As part of the Rialto effort to develop pre-existing code-bases to address the
challenges of SKA-Low science data processing we have looked beyond those used
regularly by Australian astronomers. The Australian SKA-Low pathfinder, the MWA,
has an established pipeline for processing the data. However the default imager,
WSClean, has significant limitations when applying directional dependent
corrections. On the other hand the imager used in low band of the other SKA-Low
pathfinder is DDFacet [R05], which applies direction dependent corrections at the
time of imaging. Therefore we felt it was worthwhile enabling DDFacet processing of
MWA, so we had a powerful point of comparison, in addition to WSClean. This allows
us to explore the required functionality for MWA/SKA-Low, as demonstrated by other
code-bases.
Furthermore, our reprocessing of GLEAM Data [R07] also struck a bottleneck in the
imaging. To form a multi-facet mosaic, with each facet having a different calibration
solution (i.e. a DD image), with WSClean [R06] we had to fully image the sky with the
calibration of each facet.
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Figure 12: Indicative data-flow for WSClean-style Imaging.

Figure 13: Data-flow for DDFacet-style Direction Dependent Imaging.

For example, to calibrate a 30x30 patch of the sky we found we would require ~25 DD
calibration solutions and images (each calibration being good for a radius of 3 to 5
degrees). Therefore the calibration required 25 times as much computing, if we used
WSClean (Figure 12). An alternative is to use DDFacet, which can accommodate the
imaging with DD calibrations with only minor additional computations expense
(Figure 13).
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DDFacet is written for LOFAR and has the LOFAR beam models built in. Other beam
models can be provided, if they are FITS files. But these are assumed to be AltAz
mounted telescopes. In this case the projected beam rotates on the sky as the AltAz
telescope follows the source (causing sidelobe rotation).
In the MWA case, as for any other aperture array and incidentally for HA-El mounts,
the beam pattern does not rotate.

Figure 14: Top right quadrant of a MWA image around MRC 0213-132 (bottom left corner). The
antenna response falls away from the pointing centre (indicated by the fall in the number of
detected sources).

By providing a judiciously edited model of the MWA station beams (that is replacing
the RA/DEC projection with one relative to the phase centre) and ensuring the rotation
correction is not applied, we could a MWA beam model in DDFacet. This is
demonstrated in Figure 14, which was made from MWA data, using DDFacet, with
Alt-Az MWA beam solutions. However the very latest investigations of MWA datasets
have struck an issue. With the longer baselines and more targeted fields the
observations often time do not use the drift-scan mode, which has a constant beam,
but continuously update the pointing to re-observe a field. This is the default LOFAR
mode, and we will need to return to the DDFacet code and introduce the ability to
apply arbitrary beam models. This is work planned for late 2018.
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3.

Extending ASKAPsoft: A DALiuGE application

3.1

Imaging and Calibration

3.1.1 Spectral Line Imaging with ASKAPSoft and DALiuGE
The traditional ASKAPSoft processing schemes developed for the pseudo-real-time
processing pipelines of the ASKAP telescope exploit the natural parallelism offered by
the many spectral channels presented in the data. As our most pressing aim was to
process similar data within the DALiuGE processing framework, also exploiting this
parallelism within DALiuGE was the most direct method to follow. To this end
DALiuGE drops have been developed to perform all the tasks required to image and
deconvolve many-channel data sets, under the assumption that channels will be
processed independently. These elements have been arranged into graphs that
control the extraction of channels from large datasets, the imaging, and the
recombination of processed products into combined image cubes. These graphs have
been developed to marshall the processing of data from three telescopes: ASKAP, the
MWA and the VLA.

The ASKAPSoft/DALiuGE Spectral Line Graph
The graph shown in Figure 15 can be used to process calibrated multi-channel data.
The scheme we have developed to exploit the wide functionality of the ASKAPSoft
package essentially folds the functionality of the ASKAPSoft methods into tasks that
can be marshalled by a DALiuGE graph. All the processing is configured by a text
configuration file. The text configuration file is completely compatible with an
ASKAPSoft configuration file. Which allows the final product of the graph processing
to be directly compared with a the results of “traditional” processing.
A blank output cube is generated, then the path of the processing for each channel
follows these steps.
1. The visibilities for that channel are loaded from disk. Each visibility has an
associated position in “uv space” determined by the location of each
constituent antenna in the baseline and the look direction. These are
interpolated onto a regular uv-grid. As the grid is two dimensional and the sky
is 3 dimensional this interpolation process is not simple and is implemented
using a complex convolutional resampling algorithm. This task is called
“gridding”.
2. Also in Figure 15 the encompassing drop is labeled “major-cycle”. This is to
encapsulate the fact that this task also “de-grids” this involves the inverse of
the gridding step, where a “model” sky is subtracted from the visibilities. The
model sky is initially empty in this implementation but need not be. The model
takes the form of an image of the sky. This is Fourier transformed into
“uv-space” that is “full” but on a regular grid. The “de-gridding” in ASKAPSoft
is typically the Cotton-Schwab algorithm where the subtraction takes place on
the raw visibilities. Therefore an interpolation “from” the uv-grid “to” the
visibility position in uv-space is required.
3. After the major-cycle subtraction of the best degridded model for the raw
visibilites is performed and the residual gridded, the drop Fourier transforms
the gridded visibility set into a “dirty image” of the sky. This is serialised and
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sent to the output of the drop, a transfer which is mediated via DALiuGE into
the next task.
4. The next drop is minor-cycle deconvolution. Which can take one of many
algorithmic forms. We ave implemented a simple “Hogbom” clean, and various
forms of multi-scale clean. All of the forms are essentially an iterative loop of
pattern matching and peak finding, followed by a subtraction, the forms differ
in how they find the peaks and the type of component subtracted. This
minor-cycle also populates the model, which is an image of the subtracted
components, and is used in the de-degridding stage of the major-cycle.
Typically there are many hundreds of minor cycle loops and a few major cycle
loops.
5. After the deconvolution loop the final model is used to construct a final
residual image and the final model is convolved with a restoring beam. The
output products are the model image, the restored image, the residual image,
the weight image and the point spread function of the instrument.
6. These are then placed into the final spectral cubes at the positions dictated by
the frequency of the channel.

Figure 15: The DALiuGE graph of spectral line processing using ASKAPSoft drops. The graph
takes a set of visibilities and generates an image. The outer loop is over channel, and the inner
loop is the major and minor cycle deconvolution loop. After deconvolution is finished the image
is stored in the spectral cube.
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This graph can be deployed on any multichannel dataset - the properties of which
need to be encapsulated in the config file.

Results from CHILES data
We have used the JACAL pipeline to process the CHILES field as part of a unit test
framework and one of the results is presented in Figure 16. Although the field is
relatively featureless it does demonstrate that the pipeline can be used to process data
other than that obtained from ASKAP.

Figure 16: A region of the CHILES field processed with the graph presented in Figure 15. This
data is processed as a functional test of the software pipeline and demonstrates that the JACAL
graph can process data other than that from the ASKAP telescope.

Results from MWA data
The MWA telescope is an aperture array, optimised for observations below 300MHz,
as such there are two features of datasets generated by this telescope that are not
present to the same degree in ASKAP data.
1) Firstly the ASKAP beam is designed to be stable in time and great effort has
gone into this aspect, the phased array feed, the 3rd axis of telescope rotation,
and the on-dish calibration system. In the MWA case the beam is formed by the
analogue combination of true-time delayed signals from 16 dipoles. Due to the
rotation of the Earth the beam changes all the time with respect to a fixed point
on the celestial sphere. Therefore MWA data is typically processed either as a
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drift scan, or via snapshots of a couple of minutes duration over which the
beam is assumed stable.
2) Secondly the ionosphere is an ionised plasma, with a frequency dependent
spectral index. As a result light is delayed and refracted while passing through
it. It is also turbulent, so the degree of delay and refraction is a function of
look-direction and time. Typically MWA processing involves a step of
ionospheric calibration, which is typically time and direction dependent.
In the case of JACAL we are proposing to address point 1 by also processing each
snapshot independently, and point 2 by processing multiple fields of view. The
ASKAPSoft code base is already adapted to deal with multiple fields of view as it
routinely processes multiple beams for the ASKAP telescope.
So the processing for the MWA data sets proceeds along the lines of the CHILES/ VLA
pipeline except that instead of integrating the whole dataset before imaging,
snapshots are imaged independently. Also each FOV is processed independently. The
final image cube is formed by the mosaicking of all FOV and all snapshots.
This is not the optimum solution and we are working towards including the time
variability of the beam into the processing. This will allow all the snapshots to be
combined before deconvolution which maximises the available signal to noise on the
clean components for spectral line work. For continuum processing the combination
of snapshots is not required as sufficient SNR can be obtained via the combination of
frequency channels.
A JACAL processed MWA observation is presented in Figure 17. This is only a few
minute observation of a single coarse channel. We intend to add more functionality
as the pipeline matures.
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Figure 17: A region of the EOR0 field from the MWA processed with the graph presented in
Figure 15. This is a single coarse channel (1.28MHz wide) and a single 2 minute snapshot. It
has been deconvolved and restored. As we expand this functionality we will combine
snapshots using models of the aperture and clean the combined datasets.

3.1.2 Calibration of ASKAP Data Using DALiuGE
We have also begun the process of adding the drops required to calibrate data to the
JACAL framework. We have begun with simple bandpass calibration and intend to
continue with gain calibration and then ionospheric calibration. In this first case we
have leveraged the bandpass solver from the ASKAPSoft code base. The graph that
performs bandpass calibration is presented in Figure 18 and is extremely simple.
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Figure
18: The calibration graph for bandpass solutions using JACAL and DALiuGE. The calibration
drop leverages the solvers used in the ASKAP soft suite and is parallel by frequency. The solution
is either held in a CASA calibration table or an online calibration database service. Currently the
CASA table is more widely used.

The calibration task is actually two-fold:
● the bandpass calibration which essentially calibrates the shape of the telescope
response as a function of frequency. Some example calibration solutions are
shown in Figure 19
● the gain calibration. Which is in general a time dependent calibration of the
antenna response relative to other antennas. We are in the process of creating
DALiuGE drops for the gain calibration, the time dependent nature of the gain
calibration adds complications and opportunities to the process.
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Figure 19: An example bandpass solution for antenna 01, from 54 MHz of ASKAP calibration
data. For the purposes of accurate calibration the bandpass solutions are often smoothed (dotted
lines) to avoid injecting noise into the science data when the calibration is applied.

3.1.3 Current Status and Future Work
We have used this development time to develop DALiuGE drops that contain the
functionality of:
●
●
●
●
●
●
●

Importing of telescope data - from ASKAP, the MWA and the VLA.
The gridding of data onto regularly sampled grids including accounting for
wide field effects using WProjection and WStacking
The inversion of the these grids into images of the sky
The deconvolution using point source and multi-scale deconvolution
algorithms
The subtraction of both component based and gridded model skies from the
visibility sets
The output of the spectral line cubes in both FITS and CASA image formats
We have also implemented the determination of bandpass calibration
solutions using ASKAP data.

Work to be done includes the extension of the calibration drops into gain calibration
and the development of a graph and drops to apply the calibration to the data set in
an efficient manner. The completion of this work would permit a complete end-to-end
imaging pipeline to be developed within the graphing DALiuGE framework. There is
also functionality we would like to implement but was outside the scope of the
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current project, for example: we have implemented continuum imaging in its most
basic sense in that we can combine spectral cubes into integrated images. But there
are more complex algorithms, such as multi-frequency synthesis using a Taylor term
expansion of the frequency dependence of the sky. This is a mode supported by most
imaging schemes, and is supported by ASKAPSoft, but we have not implemented it in
this work as it required complex combination weighting and combination of the data
as a function of frequency. There is nothing precluding the implementation of this
scheme under DALiuGE, the effort was just not avaliable.
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4. Integrating ASKAPsoft with the execution framework
prototype DALiuGE
4.1

JACAL Release

The software project integrating the ASKAPSoft package and the DALiuGE execution
framework has been named Jacal. To integrate ASKAPSoft into DALiuGE we create a
shared library with multiple applications contained within. The shared library offers
a calling convention that DALiuGE understands, while internally it links and reuses
the ASKAPSoft code to implement the functionality of the applications.
Jacal is freely available in GitHub (https://github.com/ICRAR/jacal) under a variation
of the BSD/MIT License. The repository contains the following:
●
●
●
●
●
●

The C/C++ code that implements the shared library described above (called
libaskapsoft_dlg.so)
A utility test application called standalone, which provides a mock DALiuGE
context and is therefore useful to test the library contents outside DALiuGE.
A series of high-level functional tests, together with their associated data, to
ensure the dynamic library is working as expected.
The ingest pipeline code.
Continuous integration support scripts.
Utility scripts to deploy the system in a variety of supercomputers.

To support development, a continuous integration job was configured via Jenkins
(http://delphinus.atnf.csiro.au:8080, available only within the CSIRO network) to run
every day in the Galaxy supercomputer, part of the Pawsey supercomputing centre.
Every day, the whole software stack is built. This includes compiling ASKAPSoft,
installing a fresh copy of DALiuGE, and finally building Jacal itself. After the full
software stack is built, the Jacal functional tests are run to make sure the functionality
is working as expected. Having this automatic continuous integration process makes
sure Jacal stays up to date, and that any regressions are found and fixed in a timely
fashion.

4.2

Workflow Editor EAGLE

The Advanced Graph Language is a visual programming language used to develop
complex processing pipelines or workflows. Editor for the Advanced Graph Language
Environment (EAGLE) is the visual editor for this environment. EAGLE is coupled to
the DALiuGE execution framework, which also provides the actual translation and
execution of the workflows. Workflows are implemented in three distinct steps or
phases:
1. Development of a set of processing components that populate the pipeline
repository.
2. Development of workflows (pipelines) from pipeline components.
3. Execution of workflows (pipelines).
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These steps are typically performed in different project phases and segregate
different skill sets, which typically are distributed across various roles in an
operational environment such as software engineer, staff astronomer and operator.
The DALiuGE graph translator, which generates physical graphs from logical graphs,
was developed before the Rialto project. During the Rialto project, EAGLE has
augmented the way how logical graph constructs are organised and produces
somewhat different logical graphs in terms of both “look-and-feel” and encoding
representations. While these “new” logical graphs provide far more logically
consistent structure and semantics from the perspective of end users, they are not
directly translatable by DALiuGE to produce executable dataflows. In order to work
with these new logical graphs produced by EAGLE, we made several changes in the
DALiuGE within the Rialto project. We ensured that these changes are also completely
backward compatible. Therefore, DALiuGE currently supports logical graphs
produced by both EAGLE and its own built-in logical graph editor prototype. This
enables users in the Rialto project (and of DAliuGE in general) to undergo a smooth
transition from the old (soon-to-be-replaced) editor to EAGLE in the near future. In
the following, we provide three examples to demonstrate several changes made in
DAliuGE for correctly translating Constructs in logical graphs produced from EAGLE.
In each example, the diagram at the top shows the EAGLE logical graph, and the one
at the bottom presents the generated physical graph produced by DALiuGE.

Example 1 - Scatter with Internal output and Empty Gather with external output
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Figure 20: Example 1 demonstrates that a Construct (e.g. Scatter or Gather) in EAGLE is always
associated with a concrete Application Drop (e.g. m
 s-transform and image-concat for Scatter and
Gather respectively in this dataflow example). The Scatter construct has an internal output that
is translated into multiple dataflow edges from the application drop to multiple instances of the
“buffer” data drop. The Gather Construct is translated into multiple image-concat application
drops, each of which combines two frequency splits, and all of which together produce the final
image cube data drop.

Example 2 - Gather with Internal output but without Internal input or External
output
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Figure 21: The EAGLE logical graph in Example 2 shows the internal output from the Gather
construct is translated into multiple drops (e.g. memory drop → CLEAN → memory drop)
along the downstream dataflow of the ImageConcat application drop. These drops are
generated for each Gather instance, which itself is translated into multiple ImageConcat
application drops. Compared to Example 1, there are two differences. First, there are no
“final” synchronisation points (e.g. a single data cube) since the Gather construct does not
have an external output as shown in Example 1. Second, each “Gathered” data drops (e.g.
frequency split) are combined and further transformed by the CLEAN application drop per
Gather instance. As in Example 1, the Gather width is 2, thus every 2 instances of “Image per
freq” data drops are combined for CLEAN to process.

Example 3 - Gather with Internal Output, Internal Input and External Output
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Figure 22: The EAGLE logical graph in Example 3 adds an external output and an internal
input to the Gather construct compared to Example 2. The arrow representing the internal
input is translated into the two dataflow edges between the two instances of the CLEAN output
data drops and the ImageConcat application drop. The arrow denoting the external output is
translated into the single dataflow edge between the ImageConcat application drop and the
final data cube drop. It should be noted that there is one extra instance of ImageConcat
application drop is generated for the final synchronisation (producing the cube) in Example 3
compared to Example 2.

4.3

Pipeline Repository

EAGLE is a productivity tool that depends on the availability of pipeline components.
This calls for a repository of pipeline components that is version controlled and
provides sufficient access control for distributed maintenance and development
purposes across institutions, scientific collaborations and operational roles. The
project
team
adopted
and
put
up
an
experimental
repo
(https://github.com/ICRAR/dlg_test_repo).
GitHub is a web-hosted service that provides a distributed version control system,
access control as well as a client-side, offline usage capability. Repositories can be
stored on the client side, while synchronisation and merging with other repositories
can be performed when desired. It scales well in terms of managed artefacts, users
and storage space.
EAGLE has a GUI GitHub interface (Figure 23) based on a Python API which provides
Create, Read, Update, Delete (CRUD) functionality for pipeline workflows and pipeline
components. EAGLE also supports GitHub user access tokens to third party repos.
Thus, EAGLE can act as an alternative interface to the respective repos. User roles and
permissions can be used to separately manage DALiuGE graphs and pipeline
components.
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Figure 23: EAGLE’s GitHub menu for access to distributed graph and pipeline repositories.

4.4

Porting of RTS into the Jacal Integration Prototype

The MWA Real Time System (RTS) can be thought of as a major-cycle pipeline that
performs calibration, component-based source subtraction, and imaging for a given
observation ID (obsid). Imaging is done via snapshotting and further optimal image
integration can take place after running the RTS (e.g. combining obsids using
post-processing tools or ideally within something like Jacal). It operates in parallel
over frequency using MPI, with each coarse channel processed by one of 24 GPUs, or
more generally, one process for each GPUBOX file.
Assuming a workflow like the MWA EoR calibration pipeline means:
● Run the RTS once for each obsid in a mode that generates one set of bandpass
calibration solutions per obsid.
● Run a script to smooth the bandpass calibration across the full frequency
range, and possibly across multiple obsids.
● Rerun the RTS to peel out sources either as full gain calibrators (perhaps one or
two such sources) or ionospheric phase shift calibrators with ≤ 1000 sources.
This step also calibrates the residual visibilities and writes them out as files in
UVFITS format.
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5.

Industrial Co-Design

The project engaged with a number of industrial partners in co-design activities. The
most prominent use cases are outlined below. Many more (potential) suppliers,
service providers and interested parties were involved in discussions on either an
informal basis not resulting in particular deliverables or in activities that were not
primarily motivated by the project and merely related. So, if there is some big names
missing it neither indicates a lack of contacts nor awareness of the respective
products and services.

Nyriad
The collaboration with New Zealand based
technology startup company Nyriad is a true
highlight in terms of industrial co-design. Nyriad
identified a need for innovative approaches
merging storage and processing that turned out
to be complementary with the SDP execution
framework engine that is designed to
orchestrate processing tasks on large compute
clusters. This resulted in a novel product. The
astronomical application is called RABD (radio
astronomy block device). Its commercial
pendant is marketed under the name
NSULATETM.
What makes this product interesting to Big Data
applications including SKA is that it reduces the
number of required storage devices almost by
about a factor of two.
This solution retains the capability to recover
from multiple device failures. The cost in terms
of hardware and power consumption is lower
than that of comparable Redundant Array of
Independent Disks (RAID) systems (Table 3). This
is achieved by temporarily diverting compute
capacity to recover from device failures, more
precisely, by GPU-based erasure encoding.
Figure 24: MWA’s 5 RABD Storage Nodes.

Consequently, RABD is now deployed on the MWA buffer node which captures data
coming from the interferometer in the Murchison to Curtin University on 5 nodes
with each 45 x 8 TeraByte disks (Figure 24).
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Industry Standard - RAID5|6

RABD

RAID6 sustains the simultaneous loss of 2
disks

Practical limit: Up to half of the drives
can be lost in a single array (else more
parity than data on drives).

Limited number of drives in single array
due to probability of additional failure
during rebuild
●
Rebuild of array of 15 drives takes ~
1 day
●
Complete drive failures/year, 1-2
per 100

Biggest array: 432 drives in single linear
array! Rebuild can either be deferred
completely or, if performed, it is not
slowing down array access.

Additional complexity with overlay
RAID0/1 on top of multiple RAID5/6
volumes to reach higher resilience or
larger total capacity.

No need for additional configuration

Resilience against controller failure very
costly (dual controller setup required)

RABD can fallback to using CPU

Table 3: Comparing RABD to widely used RAID storage technology.

Further very fruitful collaborations:

Dell EMC
Dell EMC recently provided access to their compute cluster Zenith at the HPC
Innovation Lab in Atlanta, USA. It sports a number of Intel Knights Landing (KNL)
Xeon Phi compute nodes with Omni-Path interconnects. Three experiments were
conducted.
1. A deployment test of the DALiuGE execution framework client which was
successfully conducted.
2. An implementation of the radio astronomy Hogbom deconvolution algorithm by B.
Humphreys, CSIRO, was compiled and run. It uses OpenMP shared memory
management to fully exploit the Intel many integrated core (MIC) architecture.
3. Hardware support for CRC32c checksumming of large files was verified (Figure 25).
Checksumming is a necessity when transferring large data sets. Astronomical data
centres have started recording checksums in a systematic fashion. For example, the
NGAS storage system, which is maintained by members of the study team at ICRAR
and used for numerous high volume mission archives such as ALMA, ASKAP, ESO,
FAST, MWA and VLA, does support both, CRC32 and CRC32c. Our feedback inspired
also our fellow CAOM toolkit maintainers in Canada to come up with a scheme for
recording not only the checksum itself, but also the type. This mechanism is now in
use across the archive nodes of the Hubble Space Telescope mission plus some 20
further astronomy mission archives.
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Figure 25: Hardware accelerated CRC32c checksumming on Xeon Phi’s is IO bound. This is
preferred over a classic CRC32 (no ‘c’) software implementation, which in the given case
performed about 10 times slower and therefore was CPU bound.

Dell EMC also provided insight into their HPC Lustre storage systems and provided
confidential cost figures with regard to the SDP preservation hardware and for a
modular configuration with 4 PB rack increments. As it turns out, the product family
meets and exceeds major SDP preservation system requirements already today. For
instance, the overall IO requirement of 200 Gbit/s for SDP data product ingest and
delivery could be packed into a single rack. The global file system coming as part of
the setup is actually not mandatory, but convenient. It is quite clear that power
consumption and licensing overheads of such a high performance setup are more
suited for the processing domain than preservation. On the other hand, the absolute
number of files or objects being managed by Lustre - a couple of 10s of millions in the
given setup - is barely sufficient when managing many Petabytes of volume. It comes
as no surprise that a global file system is challenged and shouldn’t be seen as a
weakness of a particular product. It can be remedied by splitting it up and employing
a GUID service for global name resolving. In conclusion, it is comforting to know that
some areas of the project are not as much of a technical challenge than others. In the
case of preservation hardware the focus has to go into optimizing the cost drivers
when scaling to an annual data product growth rate of several 100 PByte.

Think Bottom Up
The co-design effort by Perth based Think Bottom Up Ltd in the area of multi-master
replication database systems has been described in §2.4 of the M1 report.

IBM
The DOME project was a joint project between IBM Research in Zürich and ASTRON
with a focus on SKA. This had resulted in technical collaborations in the area of data
access patterns and optimized storage. The most recent follow-up concerns an
imaging tool called Bluebild that implements a novel mathematical image restoration
approach. The code became open source very recently so that tests with raw radio
data (voltages and visibilities) can now commence.
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EngineRoom.io
A collaborative effort with Sydney based EngineRoom.io was started and a large
interferometric data set and the respective processing software was deployed to the
company’s platform-as-a-service environment (PaaS). Further work is pending the
reallocation of further compute resources allocated to another research project
conducted by EngineRoom.io together with CSIRO in Marsfield. The goal is to help
finding usage patterns and formulating service level agreements in the area of shared
infrastructure in data intensive research.
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6.

Data Challenge 1 - Scalability

6.1

Scalability using DALiuGE

The scalability tests involve three sets of experiments, which enabled continuous
improvement of DAliuGE in terms of both performance and features during the entire
span of the Rialto project. They have provided in-depth insights into the operation,
optimisation and integration of DALiuGE into existing radio astronomy processing
pipelines.

6.1.1 Scalability with JACAL Test pipeline
In this experiment, we ran (multiple instances of) a simple JACAL test pipeline, which
loads a single channel MeasurementSet file into DALiuGE memory drop, and load the
NormalEquation, and run Gridding and FFT on the visibilities before writing out the
re-constructed image onto disks. The logical graph of this test pipeline is illustrated in
Figure 26 below:

Figure 26: Logical Graph of JACAL test pipeline.

We conducted 26 test runs on the Pawsey Athena compute cluster. Majority of the
runs were executed on multiple compute nodes, and cross nodes communications
take place for those runs. The results of these test runs are depicted in the plot below.
The X axis denotes the test configuration in terms of the number of channels and
compute nodes. The Y axis on the left measures time-related metrics (in seconds,
wall-time) after the completion of each pipeline (including all of its instances). The Y
axis on the right indicates the number of Drops running within each pipeline.
The purpose of the scalability test is to ascertain, when we increase the workload (i.e.
the number of channels and the number of Drops) and the resource capacity (i.e. the
number of compute nodes) at the same time, whether the performance (measured in
time-related metrics) remains the same.
We examine two types of time-related metrics Drop Creation time and Graph
Execution time. The Drop Creation time (two blue curves) measures the time duration
for DALiuGE to create all Drops across all compute nodes for a particular pipeline. It
is particularly important to measure the overhead associated with deployment of
SKA-like processing pipelines in a distributed compute cluster. The Graph Execution
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time (two green curves) records the time duration for DALiuGE to complete the
execution of the entire pipeline. The number of Drops (the red curve) is proportional
to the number of channels along the X axis.

Figure 27: Execution / completion time of a simple JACAL Test pipeline.

The reason we have two curves for each time metrics is because we applied the same
system load (channels) and the same number of compute nodes to two test runs - one
uses Ethernet network interfaces (NICs) for inter-node communications and the other
uses the Infinity Band (IB) NICs for inter-node communications.
As shown in the Figure 27, in general, the drop creation time is kept relatively low
(less than 10 seconds) as we increase the workload. The IB curve appears to be more
stable and constant than the Ethernet curve although it reaches the highest point
towards the end. The Ethernet curve shows that, for the same level of workload,
giving more compute nodes actually slows down the graph creation. This is because
more inter-node Drop connections need to be established, which costs more time.
However, such overhead becomes trivial under the infiniband network environment.
Figure 27 suggests that the graph execution time stays at the same level as the
workload increases. This is evident in that both green curves are relatively flat albeit
small variations towards the end of the curve. The graph execution time always
centres around 40 seconds, and does not increase substantially as we increase the
workload, showing satisfactory scalability for both infiniband and Ethernet
environments.
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6.1.2 Scalability for the simulated ingest pipeline
In this test, we set up two graphs to evaluate DALiuGE’s data streaming scalability.
The first graph, known as the “Sender graph”, contains a number (N) of of
interferometric data simulators (i.e. OSKAR2) that produces parallel streams of
visibility data encoded in the SPEAD2 format and protocols (See §6.1 for a detailed
description on the SPEAD protocol). The second graph, known as the “Receiver
graph”, contains N corresponding ingest pipelines running in parallel across multiple
compute nodes. Figure 28 illustrates the dataflow between these two types of graphs
at the logical level.

Figure 28: The Sender Graph and the Receiver Graph for the data streaming tests.

For each stream in the Receiver Graph, there are 5 Drops running in the DALiuGE
Streaming mode. This represents the INGEST pipeline that consist of the following
five components:
1. SPEAD Stream Receiver AppDrop - this includes the built-in RingBuffer, which
2.
3.

4.
5.

ensures the Sender and the Receiver (hence
The entire Ingest pipeline) are asynchronous. This means a bottleneck (if any)
inside the ingest pipeline will never block the Sender
Given an adequate buffer size (i.e. the ring_heaps). More importantly, If there
is a bottleneck inside the Sender, the data ingest rate will be similar to the Data
production rate.
Flagger AppDrop - Currently implemented as dummy Flagger
Calibrator AppDrop - Currently bypasses the data stream without applying
calibration solutions, and then simply accumulates SPEAD stream into the MS
file MeasurementSet FileDrop stored on the underlying filesystem

The deployment of these two graphs also includes two DALiuGE proxy servers, which
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work together with the DALiuGE monitor hosted on the AWS instance, and provide
real-time graph execution monitoring capabilities as shown in the following Figure
29. In this monitoring snapshot, green drops are completed, dark yellow drops are
running, light yellow drops are waiting, and red drops are reporting some run-time
errors. Note that the errors were due to the duplicated MS file names, and have been
resolved thereafter.

Figure 29: Real-time monitoring of the two graphs on the Bracewell cluster. The left panel shows
the Sender graph and the right panel shows the Receiver graph that consists of 5 ingest pipelines.

In this test, we linearly increase the workload in terms of data volume generated by
the OSKAR2 simulator, and keep the resource capacity constant (i.e. 5 compute
nodes). The purpose of this scalability test is to measure the increase in completion
time. Figure 30 shows the completion time varies as the data volume per compute
node increases.
The X-axis in the figure measures three levels of workloads quantified by the number
of simulated time steps at 1200, 6000, and 12000. The Y-axis on the left shows the
completion time (in seconds) of the ingest pipelines. By “completion”, we mean all five
data streams have been successfully written into the five MeasurementSet files on the
disks. The Y-axis on the right shows the data volume (in Megabytes) ingested per
stream. Since each stream is handled by an individual node, this is equivalent to the
data ingested per compute node. For each level of workload on the X-axis, there are
four bars - red, yellow, blue, and cyan. The first two bars (red and yellow) measure
the time completion for the Sender graph and the Receiver graph respectively. The
third bar (blue) indicates the data volume received per stream on a single compute
node. The fourth bar (cyan) measures the completion time of the baseline Receiver
graph, in which two MPI processes are running in parallel on two compute nodes,
receiving two streams sent from the Sender graph. The baseline Receiver graph is
completely independent from DALiuGE, and the receiver side is no longer an ingest
pipeline, but only receives the data from the SPEAD ring buffer and save them into
MeasurementSet files. Its sole purpose is to establish the baseline for comparison
against the DAliuGE graph execution performance.
In Figure 30 we make three observations with respect to the scalability.
1.

As the workload increases linearly as reflected by the X-axis and the third blue
bar, the completion time at both Sending and Receiving ends also increase
linearly.
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2.

3.

The ingest time at the Receiver graph is always slightly shorter than the Sender
completion time. Given the asynchronous nature of the RingBuffer, it is easy to
see that the bottleneck lies in the sender side (rather than in the Ingest side).
Otherwise, the sender completion time would have been shorter (if the
RingBuffer size is sufficiently large)
Bar 1,2 and 4 at each workload level shows that the completion time is more or
less the same with or without DALiuGE, indicating DALiUGE does not incur any
extra overhead compared to running those tasks natively. In fact, DALiuGE
pipelines (the yellow bars) have two extra streaming steps and one extra flagging
step compared to the baseline Receiver graph.

Figure 30: Ingestion completion time reported by DALiuGE is proportional to the workload.

6.1.3 Scalability for DAliuGE I/O framework
In this series of tests, we study the scalability of the DALiuGE I/O framework, which is
used to move large volumes of data between Drops and graphs across multiple
compute nodes during distributed graph execution in the Bracewell supercomputing
facility.
We performed these tests in two steps. In the first step, we focused on experimenting
and selecting an optimal set S of I/O parameters on a single node. In the second step,
we use S to configure DALiuGE in order to conduct multiple nodes tests to obtain
valid scalability results.
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Step 1 - Parameter Selection
The parameters include graph configurations, network interfaces, sizes of receiver
chunks, and default CRC flags for data drops. First, we conduct the single node tests
on four different graph configurations (A, B, C, and D) as shown in Figure 31 and
Table 4. Configuration A, B, and C include two DLG TCP receivers using the default
DALiuGE socket_listener Python Application Drop. This is followed by the StreamNull
data drop which represents the streaming processing internal to DALiuGE. The
PassBy python application drop simply relays the data streams to the next drop.

A

B

C

D

Figure 31: The four tested graph configurations.

In Configuration A, the data stream is further consumed by a CRC python application
drop that produces the checksum of the data, which is then written to the CRC Result
file drop. In Configuration B, the data stream is accumulated into the InMemory data
drop. In Configuration C, there is no further storage or processing of the data stream,
which basically stops after being received and handed over.
In all four configurations, the Sender side does not involve DALiuGE. Each Sender
Node consists of two TCP SPEAD senders running in parallel on a single Sender Node.
In Configuration A, B, and C, drops in the Receiver node are all executed by DAliuGE.
The two Receiver programs (i.e. iperf) in Configuration D are executed by MPI.
Configuration D is used as a baseline estimate of the maximum transfer bandwidth.
Based on the four configurations shown in Figure 31, we run 21 tests, each of which
consists of 3 test runs (except for test 1 and test 8) in order to obtain statistically
reliable results, which are shown in Table 4. For each test, we mainly adjust three
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parameters - Graph types, Receiver chunks (in bytes) and CRC boolean flags, and we
measure the aggregated Sending rate recorded from the Sender side. Since all graphs
are running in the streaming mode, the aggregated Sending rate directly measures
the overall system throughput T. We use T as the metrics to determine the optimal
parameter set S. We make the following observations from the result in Table 4:
1. The Ethernet network interface is the bottleneck of the data movement. We
therefore fix the infiniband (IPoIB) parameter for remaining tests.
2. The Receiver chunk size of the socket_listener DALiuGE drop has a
significant impact on the throughput. We therefore choose 512KiB as the optimal
value since it strikes the optimal trade-off between stability (as measured in the
errors in the 7th column) and throughput performance.
3. The throughput achieved when writing data to the DALiuGE InMemory drop is
slower than that of calculating CRC on the same amount of data when the
Receiver chunk size is small (e.g. 4 KiB). We believe this is due to the overhead
associated with small chunk sizes during frequent data movement along the
memory hierarchy (e.g. from L1/2 cache to main memory).
4. The relative cost of CRC calculation on data drops are diminishing as we increase
the Receiver chunk size. For example, in the case of Graph A, the relative cost of
CRC goes down from roughly 13% to 0.6%, and for Graph B, it gone down from
11% to 6% when we increase the Receiver chunk size from 4KiB to 512 KiB.
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Table 4: Performance Summary

Step 2 - Large scale throughput
In this large scale test, we use Graph A, Receiver chunk size 512 KiB, and with the
CRC Flag setting to No given its small impacts on the throughput performance. We
choose Graph A because it has the longest data path that is closer to realistic
workloads.
The figure below examines the throughput performance as we increase the total
number of compute nodes (i.e. the total number of parallel streams between a pair
of Sender and Receiver nodes) depicted in the X-axis. Note that for each pair of
Sender and Receiver nodes, there are two parallel streams as indicated in Step 1.
The Y-axis on the left denotes the achieved throughput, and the Y-axis on the right
shows the ratio (in percentage) between measured throughput and the
corresponding theoretical network bandwidth, which is extrapolated from Test 15
performed in Step 1. For each point on the X-axis, we run the same tests three times
in order to estimate the errors for the Y-axis on the left.

Figure 32: Large scale scalability test results for the DALiuGE I/O framework.

We make the following observations from Figure 32.
1. As we double the number of compute nodes, the throughput increases by a
factor higher than two. This suggests a linear scalability in the achieved
throughput with respect to the system capacity.
2. As we increase the number of compute nodes, so does the utilization of the
network bandwidth.
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3. The throughput is relatively stable albeit stochastic variations due to the shared
network and compute environment on Bracewell.

6.2 ADIOS Storage Manager
Dr Wang implemented a drop-in storage manager using ADIOS for CasaCore, named
AdiosStMan, as a contraction of the ADIOS Storage Manager. AdiosStMan is designed
to be an alternative to any other Casacore Table Data Systems (CTDS) storage
managers. Any existing code using the CTDS system can work with AdiosStMan by
simply changing the definition of the storage manager to that of AdiosStMan,
provided that all CTDS features it uses are supported. These are listed in Table 5 and
the performance results in the next section are taken from [R09].
Data types

All supported except String/String Array

Column types

Scalar columns and direct array columns supported Supported

Write

Supported

Rewrite

Not supported

Read

Supported

Add rows

Not supported

Add columns

Not supported

Table 5: Shown is the list of CTDS features supported by the current version of AdiosStMan.

Parallel array write test
The parallel array writing test was configured to write a casacore table from
between 4 and 80 nodes, each node launching one MPI process. The table consists of
an array column, each column cell being a 36 MB floating-point array. The number
of rows of the table varies from 200 to 1000, which results in the table size varying
from 7.2 to 36 GB. In this test, AdiosStMan was configured to use the
MPI_AGGREGATE (previously called MPI_AMR) transport method (Liu et al., 2014) of
ADIOS, which provides a two-layer buffering mechanism to optimize operations for
small size data. The Lustre stripe size used in this test is 32. All testing results were
averaged from 20 runs.
As shown in Figure 33, AdiosStMan basically achieved a linear scale up on up to 80
compute nodes of Magnus, except for cases where the table does not contain enough
rows to boost the performance. The highest throughput we saw is approximately 10
GB/s on 80 nodes, for a 36 GB table consisting of 1000 rows. This number is close to
the ADIOS benchmark results.
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Figure 33: AdiosStMan testing results for parallel array writing. Testing was configured to
write a casacore table from between 4 and 80 nodes on Magnus, each node launching one MPI
process. The table consists of an array column, each column cell being a 36 MB floating-point
array. The number of rows of the table varies from 200 to 1000, which results in the table size
varying from 7.2 to 36 GB.

In conclusion the AdiosStMan write test achieved close to the ADIOS benchmarks,
and offers a very clean solution for the write bottlenecks.

Parallel array read test
Testing was to read a single MeasurementSet table from between 1 and 50 nodes,
each node launching one process. All processes were launched at the same time
using mpirun. Each process reads the entire DATA column into its local memory,
which is approximately 45 GB.
A fundamental difference between parallel reading and parallel writing on the
Lustre filesystem is that for writing, data from different writers can usually be
scattered onto different object storage targets. This helps the overall throughput
more easily scale up linearly with the number of writers, or compute nodes.
However, for parallel reading, the files to read are already in place on some object
storage target, so all readers try to access the same object storage target at the same
time. Therefore, we do not find significant scalability of parallel reading compared
to parallel writing. Figure 34 shows that the overall throughput almost flattens out
after 20 compute nodes, whereas for parallel writing the processes scaled up nearly
linearly out to 80 nodes. ADIOS is mainly optimized for use cases where the number
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of readers are identical or close to the number of writers. For example, when ADIOS
wrote the file to be read.
This meant that the advantages of ADIOS could not be exposed and the existing
alternative TiledShapeStMan (already highly optimised) CTDS application exceeded
the performance of AdioStMan. Nevertheless, for datasets where the storage is
optimally distributed, the potential ADIOS performance could be achieved. If this to
be achieved with real-life data it would have to be organised in this fashion. Tuning
the AdioStMan parameters should allow the matching of the default reader
application.

Figure 34: AdiosStMan testing results for parallel array reading. The total throughput is
measured in MB/s. Testing was schemed to read a MeasurementSet table from between 1 and 50
nodes, each node launching one MPI process. Each process reads the entire DATA column, which
is approximately 45 GB, into memory on a node independent of other processes.

In conclusion AdiosStMan currently performs 20% to 30% slower than
TiledShapeStMan, and the read test was not as fast as the default storage manager.
The reasons are understood and we have a road-map as to how to by-pass these
limitations.

6.3 Oskar2 Telescope Models and Simulations
OSKAR is a simulator for radio telescope visibility data. It was developed by SDP
collaborators at the Oxford e-Research Centre, UK. It was used together with DALiuGE
to generate test data sets based on realistic telescope models (Table 6). Also, the
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project team worked together with Uni Oxford on a streaming capability to evaluate
the SPEAD data transport protocol (§6.1.2).
Configuration

EPA

AA1

AA2

AA3

MWA2+
EPA

AA4

Stations

4

18

64

256

512

128

Baselines

6

153

2016

32640

130816

8128

4.8

5.5

35?

65?

65

5-10

max. Baseline (km)
Correlations/Dump
Visibilities/s
2 min Snapshot Size

1.57E+06 4.01E+07 5.28E+08 8.56E+09 3.43E+10 2.50E+07
14 MB

356 MB

4.7 GB

76 GB

304 GB

400 MB

1.67 GB

42.7 GB

562 GB

9.1 TB

36.5 TB

47.9 GB

Table 6: Telescope models and data rates.

Furthermore, a number of telescope models and sky models were put together in
order to simulate visibility data (complex numbers) for various stages of the
SKA1_LOW rollout, starting from a Early Production Array (EPA) with just 4 stations
to the full array (AA4 release) of the full 512 station configuration.

Figure 35: Possible station configurations for array releases AA1 to AA4. See also Table 6.

The AA1 interferometer layout was modelled after option 1 of the roll-out plan [R13]
and includes 3 clusters (S8, S9, S10) consisting of 6 stations each. Each station consists
of 256 dipole antennas. All stations are assumed to have identical layouts. AA2 is an
extension of AA1 that includes one spiral arm for long baselines. The AA3 layout adds
128 stations to AA2. AA2 and AA3 are otherwise arbitrary subsets of the complete
SKA1_LOW layout. Finally, AA4 corresponds to the full SKA1_LOW deployment
(Figure 35).
Figure 36, which is also depicted on the cover page, shows the relative expected
improvement of the point spread function (PSF) and image quality during the rollout
stages of the construction phase. The imaged radio source Centaurus A was simulated
using a complex sky model with 23800 components.
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Figure 36: Simulation of Cen A; top row f.l.t.r.: improving telescope PSF for EPA, and AA1 to
AA4; bottom row: relative improvement of image quality, i.e., UV coverage.
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7.

Data Challenge 2 - Design verification, Hw/Sw Co-Design

7.1

SPEAD Protocol - Lessons Learned

SPEAD is the chosen protocol for data transport from the radio correlator (CSP) to the
SDP facility. The behavior of SPEAD was tested by transferring simulated data. SPEAD
required a fair amount of monitoring and fine-tuning in terms of network
configuration and operating system tweaking before a good compromise between big
bandwidth and small data loss rates was found.
In the process a new TCP backend was added to the SPEAD code, which otherwise
defaults to a UDP backend. TCP provides built-in congestion control and guarantee of
delivery, which are desirable traits in many situations, at the expense of potential
bandwidth loss, which depends mainly on the roundtrip time of the link being used.
SPEAD benchmarks (Figure 35), for both UDP and TCP backends, utilized the 890 km
network link between Perth and the Murchison Radio Observatory site. This link to
the SKA precursors MWA and ASKAP has a bandwidth of 100 [Gb/s] and is obviously
an ideal SKA testbed.

Figure 35: Comparison of TCP (yellow) and UDP speeds (blue); UDP error rate (red).

After clearing up some minor problems in our initial TCP implementation it is now
production ready. A SPEAD benchmarking exercise produced very interesting results.
It was possible to saturate just over 70% of the link capacity using SPEAD. Measuring
the loss rate of UDP streams as a function of speed showed that the new TCP
implementation performs equally well as lossless UDP streams. The code changes
were fed back to the SPEAD developers for inclusion in the master code branch. A
memo detailing the experiments and results has been submitted to the SDP
consortium [R08].
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7.2

Ingest Pipeline

The ingest pipeline reads input visibility data and metadata streams from the
correlator and telescope operating system respectively, and processes them into
standardised data sets, such as measurement sets, for further downstream processing
and analysis.
The system is implemented in a microservices architecture, with message streaming
for communication. The key reasons for this design decision are:
● The main quality requirement for the ingest stage of processing is the ability to
scale up to extremely high throughput. Whereas a batch-processing approach
would allow use of established components such as CASA tclean within the
(currently batch-oriented) DALiuGE execution framework, the latency cost of
collecting all visibilities before initiating further processing would be
prohibitive. A stream-processing approach will maximise throughput by
allowing data processing to commence with the reading of input data.
● It is important that the ingest pipeline be reliable and fault-tolerant. Further
downstream, if processing fails, there may be some margin of error within
which processing may be corrected and restarted, without necessarily leading
to data loss. But failure of the ingest pipeline, even for a few minutes, may lead
to dropped inputs and thus an incomplete observation. This suggests the need
for redundancy amongst processing nodes, and the ability to deploy nodes in
response to failure or latency issues. A microservices approach will facilitate
this.
● A microservices approach facilitates automatic deployment of services for
scaling and redundancy of the system, using container technologies such as
Docker.
● The ingest stage of processing is more rigidly defined than later image
processing stages. Whereas later stages of processing must support a range of
workflow configurations, depending on the science need, there are only a few
configurations of the ingest pipeline that would make sense. Thus the need for
a highly composable/configurable workflow that motivates the use of the
DALiuGE workflow engine is not so compelling for the ingest pipeline.
Nevertheless that need is present to some extent, and a microservices
approach will provide the required flexibility that a monolithic approach
would not. It will also leave open the possibility of integrating the ingest
pipeline into a future version of DALiuGE with streaming support.
The system is implemented as a collection of “Service Runners” that are deployed at
start-up but remain idle until they receive a message specifying a configuration for
the processing system. Each Runner then spins up their service with the required
configuration. Services then continue to run and process data until the Runner
receives a message specifying termination of the service.
Services communicate via an asynchronous publish-subscribe messaging system. A
single-host prototyping, a messaging system using host memory has been
implemented. For deployment across multiple hosts, a messaging system has been
implemented on top of ZeroMQ.
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The minimum viable product contains services to:
● “stage in” a visibility data stream from the correlator; i.e. receive on an
external protocol in an external format, and convert into an internal format
● “stage in” a metadata stream from the telescope operating system
● align the visibility data stream with the metadata data stream, in order to
correctly associate visibility data with corresponding metadata
● calculate UVW for visibility data
● aggregate the data into a standardised data set such as a measurement set
● deliver the data set downstream for further processing
There are also services for configuration, monitoring and control.

7.3

Integration of ARL with DALiuGE

Integrating the SDP’s Algorithm Reference Library (ARL) software and DALiuGE is an
exercise of interest to the SDP consortium since it would enable using ARL algorithms
within the DALiuGE execution framework with ease, and directly evaluate and
compare its performance against other execution frameworks.
Instead of manually wrapping each of the functions contained in the ARL, we chose to
implement a generic Dask emulation layer (explained in detail below) that would be
useful not only to execute the ARL within DALiuGE, but other projects as well. To
achieve this we needed to implement two different pieces of functionality, one
building on top of the other.
The first building block we needed to implement was to offer built-in support for
wrapping arbitrary python functions and expose them as stateful application drops.
To this end DALiuGE ships now with a built-in application drop called PyFuncApp
which does exactly this. This new functionality enables users to construct Logical and
Physical graphs that make use of python functions directly, instead of having to call
functions in C/C++ dynamically linked libraries, or to execute external programs. The
function parameters are modeled as the inputs of the application drop, and the result
value(s) as the outputs. Given that input and output data in DALiuGE is modeled as a
stream of bytes, PyFuncApp applications interpret it as pickled objects, so they can
easily be transferred from one application to the other. In its current state it can
wrap complicated functions with user-defined types. One should note that support of
*args and **kwargs and other minor corner-cases is currently incomplete.
The second building block of this work sits on top of the PyFuncApp support, and is
an emulation of the delayed function of the Dask framework. Dask is “a flexible
parallel computing library” that uses a dynamic task scheduling approach for
parallelizing computations. With Dask, a direct acyclic graph (DAG) of tasks is defined
using normal python code and some special Dask functions like delayed. The
application calls compute() on the final object that needs to be calculated, which
causes the DAG to be communicated to the Dask workers, who evaluate it and return
the result. The delayed function therefore acts locally as a way to construct the DAG,
correctly encapsulating a function, and its inputs and outputs.
In the case of DALiuGE, a delayed function has been added to the package dlg. This
function closely emulates Dask's delayed function. In this emulation, calls to
delayed progressively build a DALiuGE graph composed of instances of above
described PyFuncApp Drop. Upon calling compute() on the final object to be
calculated, the Physical Graph is communicated to the DALiuGE Node Manager, which
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executes it, and returns the result.
An implementation of these two parts is now present DALiuGE as of version 0.5.1,
which is readily available to install from PyPI. Simple ad-hoc tests have been
developed to ensure that the basic functionality of each of the pieces works, and
further tests have been successfully performed against some of the ARL routines.
A slight modification to ARL itself allows to make use of DALiuGE’s delayed function
such that toggling ARL between Dask and DALiuGE can be done through an
environment variable. Figure 36 shows an example of an ARL pipeline run in both
modes. The graph in both cases has a similar structure, and the pipeline output when
using either DALiuGE or Dask is exactly the same.
Given ongoing changes to ARL throughout this exercise, the proposed changes for it
have not been incorporated upstream. On the other hand our Dask emulation is
functional but incomplete. Depending on how much more emulation is required a
moderate amount of effort would be required to implement it.

Figure 36: An ARL pipeline execution using Dask (top) and DALiuGE (bottom). Both graphs were
generated using exactly the same code on the ARL, and produce the same result. Only an
environment variable makes the difference between using Dask (default behavior) and DALiuGE.
Corresponding parts of each graph are highlighted in different colors.
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7.4

MWA Mirror: Large Scale Data Transfer

The MWA has captured and archived over 20 petabytes (PB) of radio astronomy data
within the Pawsey Centre, located in Perth Western Australia, over the last 4 years of
operations. The Pawsey Centre has not been provisioned as a general-purpose
processing centre for MWA user pipelines so it has been necessary to mirror parts of
the MWA archive to collaborators located all over the world. Archive mirroring is
necessary as the colocation of data and processing is the only practical way to reduce
the large volumes of data for a single observation in a reasonable timeframe. The
MWA project has mirrored approximately 4PB of MWA visibility data to archives
located in the United States, India, Italy, New Zealand and other parts of continental
Australia. The Next Generation Archive System (NGAS) is the software that ingests,
manages, mirrors and transfers MWA data to and from archives.
At its core NGAS is a HTTP based object storage system that can be deployed on either
single servers or in a globally distributed cluster. Some of its main features include,
but aren’t limited to:
●
●
●
●
●
●
●

Basic archiving and retrieval of data;
Data checking via various checksum methods;
Server-side data compression and filtering;
Automatic mirroring of data;
Clustering and swarming;
Disk tracking and offline data transfer; and
High customisation via user-provided plug-ins.

NGAS was designed to be dedicated to data flow management and archiving of files in
a globally distributed environment. It uses a subscription framework that allows
archive operators to specify what data files need to be archived (filtering), where to
push them (local or remote) and what protocols to use. The choice of protocol is
particularly important to take into consideration when transferring large amounts of
data over unreliable links, especially Wide Area Networks (WAN) where quality of
service metrics cannot be manipulated. In order to saturate a WAN, it has been
necessary to first find the bandwidth product delay2 (BPD) of the link and then adjust
the necessary TCP windows sizes of the nodes on either side of the link to match. Once
they are matched to the BPD, it’s important to determine the optimal number of file
streams to run in parallel.
In the case of mirroring MWA data between Perth and MIT over the 1000Mb and
280ms link, the bandwidth product was first calculated: 1000 Mb/s x 0.280s / 8 = 35
MB. Once the TCP window adjustments were made, it was discovered that running 12
file streams in parallel maximised the throughput to ~750Mb/sec. This rate varied due
to congestion, mostly during business hours, as they were shared links. As a result of
the unpredictable nature of WANs and computer systems in general, NGAS employs a
queuing, retry and checksum validation scheme that ensures the data is delivered to
its destination without corruption regardless of the reliability of the link or the
bandwidth-delay product is the product of a data link's capacity (in bits per second)
and its round-trip delay time (in seconds)
2

Document No: SDP Memo 079
Revision: 1
Release Date: 2018-10-08

Unrestricted
Authors: A.Wicenec, J.C.Guzman et al
Page 60 of 66

operational state of the endpoints i.e. if nodes go offline for a period of time. It is in
this way that the software has been instrumental in the successfully delivery of large
amounts of MWA data around the world.
In order to reduce the footprint of the data produced by the instrument and therefore
the data transfer times, the MWA’s data capture software compresses the visibility
data using the Rice algorithm, which is a lossless compression technique, based on
Golomb coding3. Since its deployment, the algorithm has maintained an average
compression ratio of 3 i.e. the sum of raw data produced divided by sum of raw data
compressed. So the amount of resources required to store and transfer this data has
been reduced by a factor of 3 which translates directly into a saving of project time
and costs.

3

https://en.wikipedia.org/wiki/Golomb_coding
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8.

Data Challenge 3 - Interoperability and Portability

8.1

VOSpace - an IVOA Interface to Distributed Storage

ICRAR needed a VOSpace implementation in context of the MWA node of the All-Sky
Virtual Observatory (ASVO) project. This section reports on this parallel, separately
funded project.
A VOSpace is a distributed storage platform for astronomy data. Version 2.1 of the
VOSpace specification is being implemented which exposes a RESTful interface to the
software client.
Through a VOSpace a client can:
● add or delete data objects in a tree data structure;
● manipulate metadata for the data objects;
● and obtain URIs through which the content of the data objects can be accessed
(VOSpace V2.1, 2017).
Prior to ICRARs implementation of the VOSpace specification, an investigation was
undertaken to determine if there was a usable reference implementation available to
the astronomy community. The two implementations found were from the Canadian
Astronomy Data Centre (CADC) and Caltech.
The Caltech implementation was discounted due to failed tests and discontinued
support of the Python version. The CADC implementation was eventually discounted
because it is closely tied to CADC operational services and difficult to adapt to the
variety of platforms and storage mediums that ASVO entails. The CADC
implementation did get used, however, in the context of data modeling and
prototyping of the SDP science data product catalogue (§1.3.1).
The ICRAR VOSpace implementation is practically complete with the core functions
such as createNode, getNode, deleteNode, push and pull being fully complete and unit
tested. It will support a POSIX and S3 storage interface natively with a plugin
architecture that allows developers to implement a storage system that is not
currently supported i.e. Radio Astronomy Block Device (RABD), object store, Next
Generation Archive System (NGAS) etc.
The features that still require attention include:
● S3 interface;
● Ongoing test development;
● Travis support; and
● Operational verification and test plan.
The pyvospace software will be used in the Murchison Widefield Array (MWA) All-Sky
Virtual Observatory (ASVO) system as a core storage platform for the temporary
calibrated and uncalibrated visibility data sets. It is envisioned, at least in the short
term, that we have a common VOSpace running in the Pawsey Centre to service both
precursors, ASKAP and MWA. Having a shared common platform that includes a
VOSpace and TAP service (ICRARs pyvospace and CASDAs VO tools respectively)
reduces operational cost and technical risk across both projects.
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The successful incorporation of the VOSpace into the MWA ASVO would result in a
federation of two core VO technologies. This is an important step as these types of
systems will be managing and servicing SKA and precursor data to the community.

8.2

Openstack Integration of DALiuGE on AlaSKA

Openstack is the infrastructure/OS deployment and management system of choice on
the SDP test cluster AlaSKA. For this reason it has become crucial to demonstrate
(prototype) DALiuGE deployed and operation as part of such an environment.
This work aims to address, to a confined extent, the risk Buffer hardware and
software (SDPRISK-363) does not meet performance requirements.
The SDP P3 (Performance Prototype Platform) cluster, aka AlaSKA, based in England,
was used as the platform to demonstrate the correct integration of DALiuGE.
The scripting language Ansible as well as OpenStack Heat to deploy bare metal OS
instances, configure them (as per the current norm for P3 CentOS 7 instances), then
install and run DALiuGE.
The successful integration of DALiuGE into the automated deployment system and
then configuring and running the product demonstrated successful integration.
Work is underway to integrate the SDP Algorithmic Reference Library into this
DALiuGE deployment paradigm and to enable comparative performance testing
across various test systems.

8.3

Characterisation of Workloads and Resource Capabilities

In order to be able to efficiently place and execute the potentially tens of millions of
individual tasks across thousands of computers we are employing schedulers, which
in turn use descriptions of the requirements of the tasks and the capabilities and
availability of the computers. Most of the currently used schedulers in high
performance computing leave it up to the user to specify what resources are required
to run the tasks and they also need to know the capabilities those resources have. For
example users need to specify that their job will need X cores and Y GB of memory. If
either of the two, or the combination of them can not find be satisfied, the job will
never run. In many cases this guesswork is neither optimal for the tasks nor for the
computers they are executed on. We have thus started to implement a system, which
is collecting many different metrics during the execution of the tasks and correlate
the measurements with exact timing information of the tasks themselves. The system
also measures and keeps information about the detailed capabilities of the computers.
When a new workflow is being scheduled this data will then be used to calculate an
optimised execution plan. During runtime of that new workflow new data will be
collected and combined with the existing measurements. This information can also be
used to detect issues with certain computers and trigger maintenance activities.
The current implementation consists of a collection of off-the-shelf products and a
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custom DALiuGE event collector providing the start and stop times and unique
identifiers of the executed tasks. The metrics of the individual computers are
collected by a package called nodeexporter, which is part of the Prometheus
(https://prometheus.io) systems monitoring and alerting toolkit. nodeexporter can
collect up to about 50 different metrics and can thus provide a holistic view of what
happens on a machine over time. All the those metrics from all computers running
DALiuGE are scraped by Prometheus time series databases running on the head node
of a data island. The custom DALiuGE event collector ingests the event timestamps
into a InfluxDB (https://www.influxdata.com) database. We are using two different
databases for three reasons. (1) The free version of InfluxDB does not include a
distributed deployment, but Prometheus does. In particular for the machine metrics,
where every machine is collecting about 40-50 metrics every second, scalability is a
concern4. (2) Prometheus is using a scraping model, which sets the timestamps of the
collected metrics to the timestamp of scraping. However, we need the exact
timestamps of when the events occur, which is the domain of an event database.
InfluxDB does directly support ingest of events, Prometheus only provides that
through a quite complicated interface. (3) We need to experiment with different
technologies and keep our options open.

Figure 37: Schematic layout of the Workload Characterisation framework. Node metrics are
scraped from each node by Prometheus instances running on each of the islands head nodes
(yellow outline). DALiuGE events are sent to InfluxDB by a DALiuGE event listener running on

Keeping the full time resolution of a 6 hour SDP reduction run would result in about
2.5 billion measurements. DALiuGE events would be at least two orders of magnitude
less.
4

Document No: SDP Memo 079
Revision: 1
Release Date: 2018-10-08

Unrestricted
Authors: A.Wicenec, J.C.Guzman et al
Page 64 of 66

each of the island head nodes. The information is then collected by queries to Grafana
visualisation dashboards.

On the side of how to and what to describe in terms of resource capabilities we are
still in an early stage. Some of the data gathered from the nodeexporter can directly
be used, but some more advanced concepts might be required at a later stage. One
possibility would be to adopt the work done as part of the SWORD project
(http://theswo.sourceforge.net) and use that for both resource and software
description. SWORD seems to be inactive, but the model is publicly available and
provides a good starting point.
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