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Abstract— Data is predicted to transform the 21st century, 
fuelled by an exponential growth in the amount of data 
captured, generated and archived. Traditional high 
performance machines are optimized for numerical computing 
rather than IO performance or for supporting large memory 
applications. This paper discusses a new machine, called 
FlashLite, which addresses these challenges. The paper 
describes the motivation for the design, and discusses some 
driving application themes. 

Keywords—Data Intensive Science; High Performance 
Computing; IO Intensive Computing;  

I. INTRODUCTION 
Data is predicted to transform the 21st century, fuelled by 

an exponential growth in the amount of data captured, 
generated and archived [10][17]. Jim Gray identified data 
intensive science as the fourth scientific paradigm after 
computation as the third [17][19]. Not surprisingly, there are 
numerous projects targeting the challenges that underpin the 
exploitation and management of this data explosion, for 
example [5][22][12]. 

There has been significant progress towards addressing 
some of the opportunities and infrastructure challenges posed 
by managing such rapid increase in data volumes. Substantial 
investment, through the Research Data Aliance (RDA) in the 
US, and the Australian National Data Service (ANDS) in 
Australia, together with data infrastructure investment 
advance our ability to search, manage and store large 
amounts of data. In Australia alone, there has been 
investment in the Research Data Strategic Infrastructure 
(RDSI) and the National eResearch Collaboration Tools and 
Resources (NeCTAR) projects, both of which provide 
leading edge cloud infrastructure. However, whilst 
important, these investments do not address the escalating 
scientific imperative to exploit and process data. 

This paper discusses a high-performance computing 
system, called FlashLite, that is designed explicitly for data 
intensive science and innovation. It supports applications that 
need very high performance secondary memory as well as 
large amounts of primary (main) memory, and optimises data 
movement within the machine. Data intensive applications 
are neither well served by traditional supercomputers nor by 

modern cloud-based data centres. Conventional 
supercomputers maximise Floating Point Operations per 
Second (FLOPS) and inter-processor communication rates 
through high bandwidth and low latency networks. 
Conversely, modern Cloud systems minimise the cost of 
ownership through reliance on virtual machines and shared 
storage; they thus utilize relatively slow processors and 
networks and, by and large, do not support parallel 
processing.  

FlashLite, on the other hand, maximises Input Output 
Operations per Second (IOPS) while achieving competitive 
FLOPS ratings and high performance networking, producing 
a balanced system for applications that exploit parallelism, 
high-speed arithmetic, and high performance Input/Output 
(IO). The machine also incorporates novel software 
mechanisms that provide seamless access to data regardless 
of its location, making it easier to build new data-intensive 
applications, whilst supporting legacy codes using familiar 
techniques. 

Whilst it is a new machine in its own right, FlashLite is 
inspired by Gordon [20][24][23][30][34], the US National 
Science Foundation (NSF) machine that has achieved 
impressive performance on data intensive applications at the 
San Diego Supercomputer Centre (SDSC). A wide range of 
applications, from computer science to computational 
biology and bioinformatics, have benefited from Gordon’s 
unique design features. 

II. MOTIVATION 
The growth of digital data is leading to the so-called 

“data tsunami”, driven by advances in digital detectors, 
networks and storage systems. Each of these technologies are 
following Moore’s Law, which provides improvements in 
detector resolution (with associated lower costs), network 
transmission rates and memory densities that are doubling at 
least every 18 months. The growth is also driven by 
increased resolution of computational models, which 
leverages improved computational power through multi-core 
devices, again following Moore’s Law. Critically, the gap 
between the arithmetic processing speeds and transfers 
between main and disk memory is increasing, making it 
more and more difficult to analyse and process increasingly 
large volumes of data in a timely way.  



Traditional High Performance Computing systems (HPC) 
are designed to deliver maximum computational 
performance on scientific codes, but are not typically 
optimised for maximising memory throughput – either 
primary (main) memory or secondary (disk) memory.  

Figure 1 summarises access times for different storage 
technologies in terms of clock cycles for a typical memory 
hierarchy (drawn from [20]). This hierarchy works only 
because programs exhibit both spatial and temporal 
locatility, meaning that when a data item has been accessed, 
the program is likely to both access the data in adjoining 
locations, and also will likely access that same location in the 
near future. Conventional programming lanuages abstract the 
top few layers of the hierarchy, and move data between 
registers, cache (often multiple layers of cache) and main 
memory, transparently. In parallel machines, access to 
memory in other processor nodes is either performed by the 
hardware, using shared memory operations, or explicitly 
moved using message passing primitives. Below this layer, 
spinning disk provides bulk sotrage, but at the cost of 
millions of processor cycles, and using explicit file IO calls. 
Importantly, there is a latency gap between remote memory 
and spinning disk of around three orders of magnitude.  

 

 
Figure 1a – Latency Gap in traditional systems [20] 

 
Figure 1b – The Role of Solid State Disk [20] 

 

In order to enable HPC applications over large data 
volumes, it is time to rethink existing computer architectures 
to redress this imbalance. FlashLite is such a system, and 
incorporates three key innovations that are not typically 
embraced by traditional HPC systems: 

• high throughput solid state disk (instead of spinning 
disk);  

• large amounts of main memory; and 

• software shared memory. 

These innovations mean that applications have increased 
access to a high performance memory system, spanning high 
speed main memory (usually supported by DRAM 
technology) and low latency, high throughput, solid state 
disk (also known as Flash memory). A novel (commercial) 
software abstraction, called Virtual Shared Memory (vSMP) 
[14] bridges these components, thus simplifying 
programming. vSMP also makes it possible to aggregate 
nodes to provide the right amount of memory per 
application, rather that having to configure nodes with the 
maximum required by the largest application. This makes it 
possible to buy memory at the sweet spot in size against 
price rather than having to buy the most expensive memory 
just to achieve the maximum size. 

FlashLite is not intended as a general purpose machine 
but is optimised for data intensive applications. In the next 
section we propose some typical templates for the types of 
applications that may benefit from this new architecture. 

III. DATA INTENSIVE THEMES 
FlashLite provides a paradigm shift in the underlying 

computational techniques, in turn delivering substantial new 
outcomes in core scientific domains.  Accordingly, we have 
identified four key themes that will benefit significantly from 
this class of machine. These are:  

1) applications that directly manipulate large amounts of 
data;  

2) applications that integrate observational data and 
computation;  

3) applications that require large main memories to operate 
efficiently; and  

4) applications with significant temporary storage 
requirements.  

A. Theme 1: Applications that Directly Manipulate Large 
Amounts of Data 
This theme concerns new developments in core 

computational techniques that address large data sets 
(sometimes called ‘Big Data’). FlashLite offers unique 
opportunities for innovation, both in the way we manage 
large data sets (applying database technologies to very large 
(in memory) databases), and the way we understand large 
data sets (using machine learning and classification 
techniques). Both of these areas are currently limited by the 
speed and scale of data access mechanisms. FlashLite will 
improve both of these significantly. Below we give some 
typical examples from our collaborators of such applications. 

1) Large Memory Database Systems 
Traditional database management systems (DBMS) focus 

on optimising I/O costs. Current data warehousing and data 
mining techniques are largely evolved from the same 
assumption of large-and-slow-disk and small-but-fast-
memory systems. In recent years, there has been significant 
international R&D effort to develop new database systems 
that work with large SSD disks, main-memory systems and 
distributed and parallel systems. One of our collaborating 
groups at the University of Queensland is the world’s first to 
develop such systems for dynamic spatial data [32][33].  



Effective management and real-time processing of large-
scale spatial data has transformative potential for existing 
and future location-based enterprise applications. Current 
spatiotemporal database systems are not ready to support 
location-aware real-time big data analytics, due to the lack of 
a computing foundation for (1) efficiently processing large-
volume historical locations of a large number of objects; and 
(2) continuous real-time processing of high-velocity 
streamed location data. A traditional bottleneck is 
intrinsically high I/O cost for spatial data processing, and the 
difficulties of parallelising spatial query processing. The 
main innovation of this project lies in ensuring that we can 
push the frontier of the research in this area to the level that 
can support real-time analytics for very large amounts of 
spatial data by using modern computer architecture, 
exploring the power of SSD-based databases, column/row 
stores and multicore and cluster-based parallelism. We will 
contribute to the knowledge base of big moving-object data 
analytics through a range of innovations including: (1) new 
data models with compression techniques specifically 
designed for main-memory and SSD trajectory data 
representation; (2) a set of architecture-aware parallelism-by-
design spatiotemporal operations; (3) an extensible suite of 
advanced queries that can deal with terabyte-scale 
compressed spatial data; and (4) a proof-of-concept 
prototype based on FlashLite. 

2) Machine Learning and Classification  
Probabilistic models, statistical learning, multi-linear 

factorisation models and constrained factorisation models are 
powerful approaches for understanding data, with 
applications in computer vision, Web-scale data mining and 
social network analysis, to name just a few. Previously, this 
group at the University of Technology in Sydney (UTS) has 
used traditional clusters to implement multi-linear 
factorisation models for vision-based human behaviour 
analysis [29][27][28]. The work yielded new results in 
machine learning that were reported in high tier conferences 
and journals. However, the scale of this work has been 
limited by traditionally low IO rates. 

FlashLite will facilitate the execution of a large number 
of particles (using Markov Chain Monte Carlo techniques) 
over large data sets, which will speed up inference and 
improve confidence in the results enormously. For large-
scale Web data mining, it is often required to store and 
analyse millions of Web pages and their link structures (such 
as PageRank or SimRank scores). This type of mining 
process is typically IO intensive, but FashLite, will achieve 
real-time analysis and mining which was previously 
impossible. 

B. Applications that Integrate Observation Data and 
Computation 
Traditionally, computational models provide predictions 

that are then compared with data for corroboration and 
validation. They are then enhanced and augmented with new 
mechanisms to improve their “skill”. As sensor networks and 
instruments generate more (possibly real-time) data, it is 
increasingly important to integrate this data into 
computational models as they execute. The IO speeds of 

traditional supercomputers limit our ability to do this, but 
FlashLite’s high speed IO will make it possible to integrate 
data as computation proceeds.  

The variety of modelling techniques used in these 
applications varies enormously. However, the common 
attributes of this theme are that applications require both 
excellent floating point and secondary memory performance 
and that these are matched to optimise overall throughput. 
Here we describe 6 projects that fall into this class, and will 
benefit from FlashLite’s increased IO rates. 

1) Astrophysics  
Cosmology has made rapid progress in the last decade 

with sufficient high-quality observational measurements now 
available to constrain a detailed cosmological model with 
some 12-20 physical parameters. Such models are fitted to 
the data sets using advanced statistical techniques, notably 
the Markov Chain Monte Carlo (MCMC) approach where 
the multi-dimensional parameter space is explored in an 
optimum fashion not just for efficiency, but to map out the 
probability distribution of the parameter values. One of the 
most popular packages currently used in cosmology is 
“CosmoMC” [11] [21].  

This approach will not be possible for the next generation 
of cosmological models, because they will rely on high-
resolution simulations instead of simple analytic functions to 
describe each model. The problem is that the simulations 
cannot be generated rapidly during the MCMC fitting, but 
must be generated in advance for a suitable parameter range 
and stored. These simulation data sets are very large as they 
each describe the matter distribution in a large volume of the 
universe over many time steps, leading to data sizes of order 
10 TB. 

FlashLite’s (SDD) memory will enable a new paradigm 
for cosmological model fitting. This will be the first time that 
the non-linear modelling represented by large simulation data 
sets can be included in the cosmological models fitted with 
the MCMC approach, leading to significantly new 
cosmological predictions. 

2) Healthy hearts  
One of the great revolutions of the 21stcentury is the 

move towards personalised health care. A crucial step in this 
long process is the integration of patient-specific 
heterogeneous data sets across many different scales and 
modalities in order to build validated, predictive models with 
real power. Sudden cardiac death is one of the leading causes 
of mortality in the western world and one of the main factors 
responsible is myocardial ischaemia, the reduction of blood 
supply to the heart due to coronary artery occlusion, which 
may lead to arrhythmias and, in particular, re-entrant circuits 
that are initiated in the ischaemic region, such as those 
characteristic of ventricular tachychardia (VT) [31][4][6][1]. 

This project integrates a variety of data sets in order to 
build models of the human heart with predictive power. 
These data sets include those obtained via electrocardiogram 
(ECG), where electrodes are placed on the surface of the 
patient’s body; optical voltage mapping based on non-contact 
visualisation of surface electrical activity; Magnetic 



resonance diffusion tensor imaging (DTI) to non-invasively 
assess cardiac structure by assessing the self-diffusion of 
water molecules; and finally histological data that provides 
structural information about the alignment of the myocyte 
fibres and sheets in cardiac tissue.  

These data sets are diverse and large, including both 
complex temporal and spatial features, which amounts to 
hundreds of GBytes per simulation.  We are developing new 
approaches to automatically extract spatial features from 
images but these techniques are computationally and data 
intensive – thus we need access to a mix of fast, large 
memory and substantial computing power in order to 
compare the data sets from patient to patient. FlashLite will 
provide a system that balances these for the first time, 
leading to dramatically improved predictive models. 

3) Coastal Management 
One of our partners has designed and implemented data-

intensive, high-resolution numerical models for various 
coastal management issues, including high-resolution 
coupled ocean modelling and real-time storm surge 
forecasting [3][2]. These codes not only require high 
performance computers with large memory, but also require 
fast I/O processing and secure storage. For example, I/O 
processing with traditional hard disks accounts for a high-
resolution coupled ocean model and consumes 
approximately 30% of the total execution time.  

Real-time storm surge forecasting is critical for a timely 
emergency response, and requires the model to deliver 
inundation maps as quickly as possible. FlashLite’s high 
speed IO will impact the performance of this model and as a 
consequence improve the research outcomes significantly, 
providing more accurate predictions faster than real time.  

4) Climate Change 
Another of our collaborators performs research into 

climate change adaptation and mitigation [16]. The program 
promotes a multidisciplinary approach to climate change 
research inclusive of the environmental, social, economic, 
and governance dimensions. The goals of this work is to 
provide a phase shift in the capacity of Australian researchers 
and their international partners to model the responses of 
plant and animal species to projected future climate 
parameters.   

This group will use FlashLite to model the responses of 
thousands of species to hundreds of climate change 
scenarios, including local scales that utilize regionally down-
scaled global climate change output. Modelling 19 
bioclimatic variables across 18 Global Climate Models for 
each of 9 emission scenarios at each of 8 time series points 
involves processing inputs from raster coverage files, species 
distribution files and environmental data (3TB at 1km grid 
resolution, with the addition of 41TB at 250m resolution 
already planned), as well as species distribution input files 
and environmental data, requiring, in a total of 50,000 files), 
dynamic manipulation of terabytes of data and production of 
enormous volumes of output data that then needs to be 
down-scaled. This is currently a massively IO-intensive 
process, with processing times of weeks or months on 
conventional supercomputers. In addition, both the spatial 

and temporal resolution of species models is rapidly 
increasing, along with their complexity and use of ancillary 
environmental data. FlashLite’s high speed IO capabilities 
will reduce the running time significantly and improve model 
“skill”. 

5) LIDAR processing  
Another group undertakes extensive research into erosion 

processes in the Australian landscape, with a particularly 
emphasis on the land use drivers of erosion and how the 
eroded sediment is impacting critical assets such as the Great 
Barrier Reef and Moreton Bay [15].  In recent years the 
rapidly developing LiDAR (Light detection and ranging) 
technology has been a key tool employed by the group to 
measure changes in the land surface at high resolution and 
high precision.  Repeat airborne LiDAR is used over large 
areas (100s of km2) to measure changes in the ground 
surface topography at a level of detail (+/- 10cm) that would 
have been unimaginable only a decade ago; while terrestrial 
LiDAR is used at more local scales (few 100m2 to several 
hectares) to measure changes at mm scale accuracy.   

These technologies, however, generate extremely large 
image datasets (100s of GB per image), that require real-time 
processing using GIS and other image processing software.  
At present large amounts of time are spent segmenting these 
datasets to allow them to be processed on a high-end 
workstation.  The processing of these datasets is currently a 
time limiting factor in our research workflow, and FlashLite 
will increase our efficiency dramatically by allowing much 
larger image segments to be processed in real time, leading 
to dramatically improved erosion models that can be applied 
in practice. 

C. Applications that Require Large Main Memories 
Some codes have extremely large working memory 

requirements, and do not execute efficiently on conventional 
supercomputers that often have very restricted main 
memories. Moreover, many of these codes do not contain 
large amounts of parallelism, and thus do not speed up well 
on traditional supercomputer clusters. FlashLite has 68 nodes 
containing 500 GB of main memory each, and thus it is 
possible to run applications that simply cannot execute on 
many of the existing facilities. The vSMP software included 
in FlashLite allows codes to access remote memory 
transparently, making it possible to address up to 4 TB from 
a single node . Gordon has already demonstrated the 
effectiveness of this on applications such as de novo genome 
assembly (using Velvet [13]). FlashLite makes 
improvements to Gordon’s design (such as increasing the 
amount of main memory available) and this will allow it to 
run codes of this class more efficiently. 

1) Genomics  
Sequencing the human genome is considered to be the 

greatest of human achievements, and advances continue to be 
made in other organisms, with outcomes for improved 
agriculture and the environment. Genome sequencing 
technology continues to advance with ever increasing 
throughput and reducing costs. A major leap in this 
technology occurred over the last few years with the 



development of high throughput Next Generation 
Sequencing (NGS) methods, which differ from traditional 
sequencing technology in that they produce very large 
numbers of relatively short reads. This approach has been 
applied successfully for the rapid and cost effective 
sequencing of genomes. 

The complexity and size of the majority of eukaryotic 
genomes makes this work computationally challenging, with 
genomes such as bread wheat containing 17 thousand million 
letters across three related genomes, and assembled using 
reads of only 100 letters. One of the main limitations of this 
work is access to very large memory computing 
infrastructure capable of storing “kmer” strings and “De 
Bruijn” graph assemblies. However, we have observed 
significant variability in the memory footprint, making it 
difficult to decide an optimal memory configuration for the 
nodes. 

FlashLite’s large memory nodes, and novel vSMP 
software will underpin our continued research and allow a 
scale of activity not currently possible. Users can configure 
Super Node in increments of 512GB of main memory, up to 
a limit of 4TB. This allows us to perform whole genome 
reconstruction without locking into a particular size node. 

D. Applications with Significant Temporary Storage 
Requirements 
This class of codes execute on conventional HPC systems 

and leverage high performance floating point arithmetic 
units, such as those found on modern multi-core chips and, 
more recently, GPU accelerators. However, some of these 
have significant requirements for temporary (‘scratch’) 
storage, and thus spend a significant amount of their time 
reading and writing to spinning disk. By replacing this with 
SSD, FlashLite will improve the execute time of these codes 
significantly. 

1) Computational Chemistry  
Computational chemistry is often used to enhance the 

understanding and development of new materials for a 
diverse range of applications including lithium-ion batteries, 
fuel cells, solar hydrogen production, strengthening of metals 
using metal matrix composites, and  new catalysts and 
membranes for gas separation and desalination 
[8][7][35][16][26][25].  These applications require a number 
of computer packages for calculations of electronic structure, 
reaction pathways and dynamics. Computational results from 
the groups have led to breakthroughs in the identification and 
understanding of properties of materials, which have been 
published in high profile journals. Currently we are 
performing high-throughput screening of advanced materials 
for energy storage and conversion. However, the complexity 
of the systems that can be studied, and the accuracy with 
which they can be treated, are limited by the resources 
currently available.  

Gordon has demonstrated that Flash disk and large 
amounts of shared-memory can significantly enhance the 
performance of Gaussian 09 computations for electronic 
energy calculations. Furthermore, GAMESS, for electronic 
energy calculations, CPK2 for first principles molecular 

dynamics calculations have been installed on the SDSC 
facility, and we expect similar benefits to those demonstrated 
for Gaussian. FlashLite’s combination of high performance 
parallel computing with high speed IO will dramatically 
improve the speed of executing these codes, and will have 
significant impact on scale of the systems being studied.  

IV. FLASHLITE DESIGN 
FlashLite is in many respects a traditional cluster with a 

number of compute nodes connected by a high speed 
interconnect. It is optimised for data intensive computation,  
and 68 compute cores containg a total of: 

• 1632 cores 
• 34.8 TB of RAM 
• 326.4 TB of SSD storage 
• 65.28 Tflop/s (Rpeak). 

The network is a dual rail 56Gbps Mellanox infiniband 
fabric, providing non-blocking within groups of 24 nodes 
and 2:1 blocking factor between groups of 24 nodes. The 
rails are dedicated so that one supports message passing 
traffic (MPI) whilst the other provides vSMP messaging. 
This means that applications can exploit both message 
passing and shared memory paradigms concurrently without 
network contention. This is important for hyrbid codes that 
exploit both message passing and shared memory (provided 
by vSMP). It also allows both message passing and file input 
output. 

The system also has a number of software components  

• ScaleMP vSMP software that aggregates 
multiple nodes into "super nodes" with larger 
memory/CPU/disk/IO than the individual nodes 

• ROCKS cluster management software 
• Torque + Maui batch system 

FlashLite is connected via Infiniband to a high 
performance GPFS based file system. This provides parallel 
IO to all of the nodes, supprting application that have a high 
IO throughput to the remote file system. Note that since the 
Flash drives are directly connected to the PCI bus, they can 
be addressed directly by each node. 

Compute nodes , shown below in Figure 2, consist of: 

• 2 x Xeon E5-2680v3 2.5GHz 12core Haswell 
processors with 30MB Smart Cache 

• 16 x 32GB DDR4-2133 ECC LRDIMM 
modules – total 512GB (256GB per socket) 

• 2 x 500GB 2.5" 7.2K HDDs as RAID 1 system 
disk 

• 3 x 1.6TB Intel P3600 2.5" NVMe (SSD) drives 
for local data storage 

• 2 x Mellanox Connect-IB 56Gb/s FDR Single 
Port Infiniband PCIe3 x8 adapter. 



 
Figure 2 – Structure of a Compute Node 

Compute nodes can be flexibly aggregated together into 
larger "supernodes" using ScaleMP’s vSMP software. This 
software aggregates multiple physically separate servers into 
one single virtual high-end system.  Such a “vSMP 
supernode” aggregates the CPUs, memory, and I/O 
capabilities of multiple physical hosts into one virtual 
machine (VM).  

The upper limits to the configurations of our supernodes 
are: 

• maximum of 4 supernodes 
• maximum of 16TB aggregate RAM 
• maximum of 1056 aggregate cores (88 

processors). 
For example, one such configuration of FlashLite might 

see: 

• 1 x 8TB RAM supernode with 384 cores and 
76.8TB of SSDs (16 physical nodes) 

• 1 x 4TB RAM supernode with 192 cores and 
38.4TB of SSDs (8 physical nodes) 

• 2 x 2TB RAM supernodes with 96 cores and 
19.2TB of SSDs (2x4 physical nodes). 

• Plus the remaining physical nodes running 
outside of vSMP 

• 36 x 0.5TB physical nodes 24 cores and 4.8TB 
of SSDs (36 physical nodes). 

Given the network topology, supernodes of up to 24 
physical compute nodes in one non-blocking group with 576 
cores and 12TB RAM is optimal. It is possible, however, that 
some applications may be able to make effective use of a 
larger supernode that spans two non-blocking network 
groups (subject to the limits outlined above). 

The SSD drives can be arranged in a number of ways. 
Each compute node is connected directly to 3 x 1.6 TB 
drives. These can be configured as a single 4.8 TB drive, or 
cut into three 1.6 TB partitions. Importantly, the drives can 
be aggregated across the nodes either using vSMP’s device 
virtualisation, and thus each node in a supernode might see 
all of the drives. Alternatively, they can be mapped into the 
Infiniband address space and virtualised that way. At present 
we have not determined the optimal strategy for this, and will 
test a number of alternatives. 

V. CONCLUSIONS AND FURTHER WORK 
FlashLite was only commissioned in August 2015, and a 

limited number of early adopters have recently received 
accounts. Thus, it is far too soon to report any performance 
results. The appliction themes we have illucidated provide a 
way of categorizing which applications might benefit from 

FlashLite’s architecture. However, it will be some time 
before we have hard data on this and before we can report on 
the lessons learned. We expect to report on these in the 
future. 
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