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Big data has revolutionized science and technology leading to the transformation of our societies. High-

performance computing (HPC) provides the necessary computational power for big data analysis using artificial

intelligence and methods. Data locality is a broad term that encapsulates different aspects including bringing

computations to data, minimizing data movement by efficient exploitation of cache hierarchies, reducing intra- and

inter-node communications, locality-aware process and thread mapping, and in situ and transit data analysis. 

High-performance computing (HPC)  big data  High-Performance Data Analytics (HPDS)

data locality

1. Introduction

High-performance computing (HPC) has been fundamental in developing many transformative applications 

. These HPC applications require careful design of fundamental algorithms, e.g., the seven dwarfs .

Data locality has been coined as a key aspect among others and is regarded as one of the main challenges for

exascale computing endorsed by many technical reports published in recent years . The organization of

memory into banks and NUMA regions, read-only memory, and multiple cache hierarchies make efficient data

structure and optimization, a complex task. As we are heading towards exascale systems where the cost of data

movement will be a dominant factor in terms of performance and energy efficiency. The complexities of managing

data with different levels of memory hierarchies are further complicated by inter- and intra-node-level

communication. Parallelism and communication are further constrained by heterogeneous core architecture. With

the increase in platform heterogeneity, portability is a core issue that demands standardization of widely used

approaches to automate performance tuning across different architectures .

The concurrency and input data size are on a rise and there is a need for efficient exploitation of heterogeneous

architectures with an increasing number of cores to bridge a performance gap between application and target

architecture. There is a need for optimization of data layout, data movement between processes/threads and data

access patterns. Locality issues exist at different levels, from how application data is laid out to the increasing

number of processing cores, complex memory hierarchies, inter-node communication, interconnects, and storage

units . The following section discusses the research related to data locality in the high-performance computing

domain.

2. Application Perspectives
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Data locality from an application’s point of view demands the examining of a range of modeling methodologies,

which needs exploration of a huge application space. The adaption of current HPC application code into exascale

systems demands efficient utilization of heterogeneous resources, requiring innovations in application layout

strategies, communication optimization, synchronization, resource availability, and data movement and access

strategies.

3. Programming Languages, Compiler, and Libraries

The increasing level of hardware parallelism and deep hierarchies (core dies, chips, to node level) have posed a

challenging task for efficient parallelism and data locality exploitation at all levels of hierarchy, which demands data

locality support at different levels of the software ecosystem, i.e., programming language, compiler, libraries, etc.

Majo et al.  proposed a parallel programming library for compose-able and portable data locality optimizations

for NUMA systems. This library is based on Intel Threading Building Blocks (TBB) and allows the capturing of a

programmer’s insights for mapping tasks to available resources. Lezos et al.  presented a compiler-directed

data locality optimization in MATLAB by developing a software tool, MemAssist, for efficient exploitation of targeted

architecture and memory hierarchy. Regan-Kelley et al.  proposed a language and compiler support for

optimizing parallelism, locality, and re-computation in image processing pipelines.

Current HPC models lack efficient exploitation of data locality due to the lack of language support for data locality

policies e.g., array layouts, parallel scheduling, etc., an overexposure of target architecture, and a lack of support

for user-defined policy abstractions. Chapel is a prominent parallel programming language developed by the joint

efforts of Cray Inc., academia, and industry with a prime focus on the separation of parallelism and locality, and

multi-resolution design with enhanced productivity features . X10  is based on a PGAS model and designed

specifically for parallel computing that supports structured and unstructured parallelism, user-defined primitive

struct types, and globally distributed arrays with co-location of execution and data. Huang et al.  addresses the

data locality issues with explicit programming control of locality in the context of OpenMP and how it can be

accomplished.

4. Cache Optimization Techniques

Locality optimizations by making efficient use of the cache, have been an active area of research for years. Locality

can be categorized as temporal locality (reuse data once it has been brought into the memory) and spatial locality

(use of every data element brought into the memory). The efficient exploitation of registers involves compiler,

assembly-language, and programming-level optimizations. Cache line length, cache size, and cache replacement

policy are some of the factors considered for the effective and efficient optimization of caches . Gupta et al. 

proposed a spatial locality-aware cache partitioning scheme by measuring spatial and temporal locality dynamically

for optimal workload block size and capacity for effective cache sharing. Gonzalez et al.  proposed a dual data-

cache organization for managing spatial and temporal locality by implementing a lazy cache policy that uses a
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locality prediction table to make necessary predictions based on recently used instructions.  related to on-chip

caching for efficient cache utilization, while  based their approach on data-access frequency.

The following section explains the basic data access optimization techniques engineered to improve cache

efficiency.

4.1. Data Access Optimization

Data access optimizations are generally code transformations whose prime motivation is to increase temporal

locality by reordering iterations in a nested loop. These optimization techniques are also used to expose parallelism

and help in vectorizing loop iterations. Compilers used heuristics to decide the effectiveness of applying these

transformations. If nested loops are not perfectly nested then loop skewing, unrolling, and peeling are used.

Detailed information about these techniques can be found in .

Loop Skewing: When the carried dependencies prevent parallelizing, one can skew the loop-nest by modifying the

aligning of iteration space coordinates and relabeling the statement instances in new coordinates .

Loop Peeling: Unfolding a few iterations of the loop to eliminate loop-carried dependencies is known as loop

peeling.

Loop Interchange: When the order of a loop is not important then a loop-interchange transformation reverses the

order of two adjacent loops in the loop-nest making sure all dependencies are preserved. Loop interchange is used

to improve locality, enhance parallelism, register reuse, and vectorization .

Loop Fusion/Jamming: This technique involves the fusion of two adjacent loops having the same iteration space

traversal into a single loop resulting in increased instruction level parallelism and data locality. The opposite of loop

jamming is loop distribution, which divides a single loop into multiple loops with no carried dependencies. .

Loop Tiling: This loop transformation technique improves data locality by increasing the reuse of data in the cache

by increasing the depth of the loop nest . Selection of the best loop tile shape and size is a fundamental

problem. Most of the current multicore processors have a shared last-level cache (LLC) and its space allocation

depends on the co-execution of applications, which may cause interference in the shared cache . Bao et al. 

proposed a static compiler-based defensive tiling to choose the best tiling size for optimal performance. Some of

the works related to loop tiling include  for the reduction of capacity misses,  for reducing

communication, and  for auto/dynamic tuning of loop tiling.

4.2. Data Layout Optimizations

Data access optimization techniques may not be an optimal choice for data locality for computations with conflict

misses, while data layout optimizations improve spatial locality by arranging data structure and variables in

memory. Some of the most commonly used techniques for data locality optimization are inter- and intra-array
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padding, array merging, array transpose, etc. . Parallelism and efficient exploitation of data locality have been

considered separate objectives in the literature. Kennedy et al.  explored this trade-off between data locality and

parallelization by proposing a memory model to determine the reuse of cache lines. The model uses loop

optimization algorithms for efficient exploitation of data locality and in-memory optimizations.

4.3. Cache Bypassing

The depth of cache hierarchies and cache size have been increasing to meet the high processing demands, along

with mounting more cores on the chip. The performance of an application with little data reuse is severely affected

by cache use. Researchers over the years engineered different techniques to effectively bypass the cache to

improve the performance of an application. The potential benefits of cache bypassing are obvious but bring many

challenges including implementation overhead, memory and performance overhead, etc. The different cache

techniques, their potential benefits, challenges, and taxonomy is explained in detail by Sparsh Mittal .

5. Locality-Aware Scheduling and Load-Balancing

Applications need to exploit parallelism at multiple scales at the fine granularity and across a variety of irregular

program and data structures and program inputs. Parallel algorithms demand extra space to enable the temporal

decoupling necessary for achieving parallelism, as compared to sequential algorithms, which attempt to minimize

space usage. As applications are becoming more and more data-intensive and task execution involves the

processing of a huge volume of data, optimal load balancing, and locality-aware scheduling are critical issues to be

resolved at the highest priority for exascale systems. Locality optimization (horizontal—between processing

elements and vertical—between levels of hierarchy)) has a direct impact on energy consumption for exascale

systems. Scheduling millions of tasks per second within latency constraints is one of the major challenges and

current centralized scheduling systems (Falkon , SLURM , SGE , and Condor ) are deprived of handling

fast scheduling. This issue is addressed by Ousterhout et al.  by presenting a stateless distributed scheduler

called sparrow, which supports data-aware scheduling to help the collocating of task and input data.

Load balancing can be achieved by work stealing but the random migration of tasks results in poor data locality.

Load balancing is a challenging task in a fully distributed environment as the scheduler has information about its

own state. Load balancing techniques have been extensively studied over the years and can broadly be classified

into static and dynamic techniques. These techniques achieve optimal load balancing in a centralized or distributed

manner. Although work stealing is a widely used efficient load balancing technique e.g., OpenMP , Cilk , X10

, random work stealing results in poor scalability on large-scale systems . Falt et al.  proposed a locality-

aware task scheduling for parallel data stream systems.

Muddukrishna et al.  proposed a locality-aware task scheduling and runtime system-assisted data distribution

algorithm for OpenMP tasks on NUMA systems and multicore processors. Ding et al.  proposed a cache

hierarchy-aware loop–iterations–to–core mapping strategy by exploiting data reuse and minimizing data

dependencies, which results in improved data locality. Lifflander et al.  proposed locality-aware optimization at
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different phases of fork/join programs with optimal load balance based on Cilk and also provides programmatic

support for work-stealing schedules which helps in user guidance on data locality.

Xue et al.  proposed a hybrid locality-aware dynamic load balancing and locality-aware loop distribution strategy

to multiprocessors and enhanced performance is reported compared to other static/dynamic scheduling

techniques. Isard et al.  proposed a multipurpose execution engine called Dryad for coarse-grain data-parallel

applications for efficient fault resilience, data transportation, and data-aware task scheduling. Maglalang et al. 

proposed a locality-aware dynamic task graph scheduler with optimal locality and load balance and minimum

overhead.

Yoo et al.  proposed a locality-aware task scheduling for unstructured parallelism by developing a locality

analysis framework. The offline scheduler takes workload profuse information as input and makes scheduling

decisions that are optimized with underlying cache hierarchies. Paidel et al.  focused on the selection of tasks

that are most favorable to migrate across nodes in a distributed environment which is further supported by

application-level data locality. Choi et al.  proposed locality-aware resource management and workflow

scheduling by balancing resource utilization and achieving data locality based on network bandwidth in an HPC

cloud environment.

Work scheduling and stealing are the two most commonly used scheduling paradigms for scheduling multithreaded

computations to workers in typical task-based parallel systems. Guo Yi  in his PhD work proposed a locality-

aware work-stealing framework for the efficient exploitation of data locality (affinity) and an adaptive work-stealing

scheduling algorithm.

Hindman et al.  proposed Mesos, a thin resource-sharing layer with the prime objective being to engineer a

scalable and efficient system for sharing resources between heterogeneous frameworks by presenting an

abstraction called a resource offer. The resources offered to the framework are decided by Mesos based on

organizational policy, while which policies to accept, and tasks to run on them are decided by the framework.

Mesos uses delay scheduling and data locality is achieved by taking turns reading data stored on each node. Isard

et al.  proposed a fair scheduling of concurrent jobs with fine-grain resource sharing for distributed computing

clusters called Quincy, which achieved better fairness and improved data locality.

6. Bulk Synchronous Processing (BSP)

The BSP model, which was presented by Valiant  and modified by McColl, is a bridging model to design parallel

algorithms and mainly consists of processing components, equipped with local memory, a network for

communication, and synchronization between components. Communication is facilitated by one-sided put-and-get

calls rather than two-way send-and-receive operations. A barrier ensures that all one-sided communication is

completed. The oversubscription of processing elements and problem decomposition are exploited by the BSP

model for automatically distributed memory management. Logical processes are randomly assigned to processors

for optimal load balancing and communication . Google used BSP for graph analytics with Pregel  and map-
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reduce, while some open-source projects (Apache Hama  and Giraph ) also extended the use of BSP by

employing high-performance parallel programming models on top of Hadoop. There are different programming

languages and interfaces based on the BSP model including BSPLib , BSPonMPI , Bulk Synchronous

Parallel ML (BSML), and Multicore-BSP .

7. Out-of-Core Computing

Out-of-core algorithms (e.g., solvers for large systems of linear equations, as in nuclear physics) are used when

the data to be processed are too large to fit in memory and data need to be fetched from storage devices e.g., hard

and tape drives or memory attached via a network. As these auxiliary storage devices are slow and acceptable

performance is achieved by data reuse in memory and how data are laid out in these storage devices for I/O on

larger blocks .

The use of virtual memory, which enables programmers to access much larger than available memory without a

need to know the actual location of data in the memory hierarchy. Different techniques proposed over the years to

efficiently exploit data movement across different memory hierarchies i.e., caching, swapping and demand paging,

etc. There are applications where virtual memory systems do not meet the programmer’s expectations and do not

provide enough virtual memory space. Out-of-core algorithms are used when primary and virtual memory is not

enough to hold application data . The principle of locality plays an important role in the performance of an

application. Locality in terms of an out-of-core algorithm means that data must be laid out in a storage device to

allow blocks of data to exchange between the memory of storage devices and also the reuse of data in memory. In

a traditional disk-based approach, the processor remains idle until the data is loaded into memory and the next

read is not initiated until the computation is finished. The author of  addresses this issue by proposing a two-

process approach where disk I/O and computation are performed concurrently. One approach to overcome the

limitations of speed at which data can be accessed from storage devices is the use of shared and distributed

memories across the cluster, which demands the use of high-speed interconnects (InfiniBand) for the dataset to be

loaded before the start of the algorithm in large aggregated distributed/shared memory. The use of high-speed

interconnects improves performance but at the expense of a tangible cost of initial setup, maintenance, and energy

consumption over time. The trend of the use of non-volatile memory NVM, e.g., low-power flash-based Solid-State

Drives (SSDs) to speed up the I/O has increased over the years. These SSDs are used along with traditional

storage devices on I/O nodes in a cluster environment, which results in enhanced performance with faster data

access/load from these SSDs to I/O nodes .

Jung et al.  addresses the issues and potential benefits of co-locating the non-volatile memory and compute

nodes, by presenting a compute local NVM architecture. They identify the drawbacks of modern file systems and

proposed a novel Unified File System (UFS). In addition, there are numerous efforts in the literature focused on the

usage of SSDs that include the use of SSDs as caches , FlashTier , and Mercury . Salue et al. 

presented an out-of-core task-based middleware for data-intensive computing and  are related to out-of-

core algorithms for solving dense and linear equation systems.
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8. Parallelism Mapping

The increase in system concurrency introduced a massive challenge for applications and system software to deal

with large-scale parallelism. The widely deployed message passing model MPI may not be a suitable choice to

deal with the demands of extreme scale parallelism for exascale systems. Finding a single anomalous process

among millions of running processes and threads is not an easy task . The issues related to parallelism are

diverse and are very much program-dependent. Parallelism mapping is very much platform/hardware-dependent

and optimal mapping decisions depend on many factors like scalability (how much potential parallelism should be

exploited), the number of processors in use, scheduling policies, the relative cost of communication and

computation, etc. There have been various efforts to address this issue. In multi-cluster environments, the

bandwidth among nodes inside a single cluster is normally much higher than the bandwidth between two clusters;

similarly, within node cores sharing, the cache can communicate much faster. Entities exchanging or sharing lots of

data could be placed on hardware processing units physically close to each other. By doing so, the communication

costs are reduced, thus decreasing the application’s overall execution time and, as a consequence, its energy

consumption . Along with communication, application performance is also dependent on load imbalance,

communication patterns, and memory usage.

Mapping threads/processes to cores is dependent on many factors like operating system, implementation (different

implementations of MPI e.g., OpenMPI, MPICH, IntelMPI), and runtime system, i.e., Message Passing Interface

(MPI), Partitioned Global Address Space (PGAS). The work related to the efficient mapping of processes to reduce

the communication cost is based on finding the communication topology (communication pattern/graph of the

application e.g., number and size of messages between processes, etc.) and network topology graph (e.g., the

latency and bandwidth between different processor cores, inter- and intra-node communication cost, etc.) and then

the appropriate selection of optimal cores where the processes should be mapped. One can achieve the task of the

optimal mapping of processes to cores by running an application with monitoring tools to understand the

communication pattern. Trace libraries can provide communication details, e.g., MPI Trace . There is a lack of

standardization for thread/process mapping at start-up but this can be implemented at the MPI-execution level.

Unfortunately, current parallel programming paradigms seem unable to address the data locality issue to improve

parallel-application scalability. There is a need for some evolutionary and revolutionary changes in parallel

programing models to address these problems.

There is a considerable amount of work in the literature related to process placement for MPI applications based

on correlating the communication and network topology by algorithmic means using graph theory and

implementation based on a scheduler, compiler, or exploiting the MPI runtime environment.

8.1. Message Passing Interface Support for Process Mapping

The HPC application community has begun experimenting with the manual placement of individual processes in a

parallel job, commonly referred to as “process placement” or “process affinity”. MPI implementation provides

different mapping patterns like by-node (a.k.a., scatter, cyclic) and by-slot (a.k.a., bunch, pack, block). The different
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MPI implementations also provide numerous mpirun command line options and bind with different runtime

configuration parameters to enhance the process mapping and binding. Assigning more than one process to a

single processor is considered oversubscribing in most HPC environments and is generally discouraged as

MPI/HPC applications are CPU-intensive; sharing multiple processes on a single processor causes starvation and

performance degradation .

Given a parallel application, it is essential to efficiently map the MPI processes to the processors on the nodes. The

communication pattern needs to be understood by running the application with profiling tools. Trace libraries can

provide the communication details, e.g., MPI Trace, and process mapping can be done manually. Communication-

assisted communication analysis can also be performed to map MPI processes to processors. The ultimate goal is

to reduce communication by mapping processes with frequent communication on a single node. There could be a

number of taxonomies to classify the mapping methodologies, like target architecture-based, optimization criteria-

based, workload-based (Static or dynamic), etc. Static mapping methodologies are best suited for static workload

scenarios where a predefined set of applications with known computation and communication behavior and a static

platform are considered. As optimization is performed at design-time, the methodologies can use more thorough

system information to make decisions for both homogeneous and heterogeneous architectures .

8.2. Algorithmic Approaches for Process Mapping

The speed of communication among cores in a multicore processor chip (intra-chip) varies with core selection

since some cores in a processor chip share certain levels of cache and others do not. Consequently, intra-chip

inter-process communication can be faster if the processes are running in cores with shared caches. The situation

gets even worse when among cores on distinct processor chips in a cluster. Rodrigues et al.  used a graph

mapping technique for the mapping process to cores by considering intra-chip, intra-node, and inter-node

communication costs to improve the performance of applications with a stable communication pattern. The

approach was tested by comparing the execution times of a real-world weather forecast model using default

mapping and the proposed solution and obtained an improvement of up to 9.16%.

Rashti et al.  merged the node physical topology with network architecture and used graph embedding tools with

an MPI library to override the trivial implementation of the topology functions and effectively reorder the initial

process mapping. Hestness et al.  presented a detailed analysis of memory system behavior and effects for

applications mapped to both CPU and GPU cores. Understanding the memory system behavior is very important

as multiple cores are integrated on the same die that shares numerous resources.

The communication topology of an application and its underlying architecture affect the performance of point-to-

point communication and MPI provides different primitives to gather such information such as MPI Cart create and

MPI Graph create. An application communication graph can be created by calculating the communication cost

between processes using message count and message volume. HU Chen et al.  proposed a profile-guided

approach to finding the optimized mapping automatically to minimize the cost of point-to-point communications for

arbitrary message-passing applications called MPIPP (MPI process placement toolset). This tool acquires the
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communication profile of the MPI application and the network topology of the target clusters. They also proposed

an algorithm for optimized mapping and enhanced performance is reported by comparing their solution with

existing graph portioning algorithms.

Zhang et al.  proposed an approach for optimized process placement to handle collective communication by

transforming them into a series of point-to-point communication operations. They decomposed a collective

communication into point-to-point and then generated the communication pattern of the whole application. They

used a graph-partitioning algorithm for optimized process mapping. Pilla et al.  proposed a topology-aware load

balancing algorithm for multicore systems by modeling distances and communication among hardware

components in terms of latency and bandwidth by exploiting the properties of the current parallel systems, i.e.,

network interconnection, multi-levels of cache, etc. The introduction of multicore processors introduces numerous

challenges including competition between the various physical cores for shared resources. Having more cores in a

single node causes multiple requests for the network interface, resulting in performance degradation . This

demands the distribution of parallel processes in available computing nodes such that requests arriving at each

network interface be decreased. The queuing time of messages at interface queues will be decreased as well,

resulting in enhanced performance. Zarrinchain et al.  addressed this issue by proposing a solution for mapping

parallel processes to multicore clusters to reduce network interface contention by determining the length of the

messages among processes and an appropriate value for the threshold (number of processes in each compute

node) using the number of adjacent processes of each process and the number of available free cores in the

computing nodes.

Guillaume et al.  proposed an efficient process mapping of an MPI application to better take advantage of a

multicore environment without any modification of MPI implementation and improved performance is reported

solely on the basis of relevant process placement. They extract an embedding of the application’s graph from the

target machine’s graph and used scotch software to solve NP graph problems. Scotch applies graph theory, with a

divide-and-conquer approach, to scientific computing problems such as graph and mesh partitioning, static

mapping, and process ordering. The information is then used to create a mapping between MPI process ranks and

each node’s core numbers. Finally, an application-specific command line is generated.

Other work related to mapping includes architecture-specific mapping  for Blue Gene systems, 

 targeting multicore networks,  targets hybrid MPI/OpenMP mapping,  proposes a mapping library, and

 advance programming standards that support virtual topology mapping.

8.3. Machine Learning-Based Parallelism Mapping

Programming with target architecture in mind and mapping parallelism to processors/cores to avoid/minimize

communication are two alternative ways of optimizing application performance. Selecting the correct mapping

scheme has a significant impact on performance and these mapping schemes are very much architecture-

dependent. So, there is always a need for an automatic and portable solution for assigning tasks to a target

architecture to achieve scalable parallelism.
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Castro et al.  proposed a machine learning-based approach to do efficient thread mapping in transactional

memory (TM) applications. Software TM libraries usually implement different mechanisms to detect and solve

conflicts. As a consequence, it becomes much more complex to determine a suitable thread-mapping strategy for

an application since it can behave differently according to conflict detection and resolution mechanisms. Grewe et

al.  proposed a portable partitioning scheme for OpenCL programs on heterogeneous CPU and GPU

architectures by extracting code features statically and using ML algorithms for predicting the best task partitioning.

Tournavitis et al.  proposed profile-driven parallel detection and ML-based mapping to overcome the limitations

of static analysis and traditional parallelizing compilers by using profiling data to extract control and data

dependencies and then used an ML-based trained predictor to select the best scheduling policy offered by

OpenMP i.e., CYCLIC, GUIDED, STATIC, and DYNAMIC.

Wang et al.  proposed a compiler-based automatic and portable approach for selecting the best thread

scheduling policy based on an ML model learned offline, to map parallel programs to multicores. ML-based

predictors use profiling information to characterize the code, data, and runtime features of a given program. The

feature extractor needs several profiling runs for a program to extract these features. They used an Artificial Neural

Network ANN and Support Vector Machine SVM to build two different learning models to predict program scalability

and classify scheduling policies. The models were trained using a set of training data that consisted of pre-

parallelized programs with selected features and desired mapping decisions. Long et al.  used an ML-based

approach for cost-aware parallel workload allocation by using static program features. More specifically they used

ML to determine the thread number allocated for a parallel java loop on the run time and don’t tackle portability.

Adaptive multi-versioning for OpenMP parallelization via machine learning integrated in the compiler, to achieve

parallelism. Pinel et al.  proposed an ML-based automatic parallelization of a scheduling heuristic, by defining a

generic parallel pattern-matching engine that learns the algorithm to parallelize.

Emani et al.  proposed a predictive modeling approach that dynamically considers a number of thread selection

policies and chooses the one it believes will perform best at every parallel loop and called this approach a mixture

of experts. Their approach predicts the optimal number of threads for a program and the run-time environment.

Emani et al.  proposed an efficient parallel mapping based on online change detection by combining an offline

model with online adaption to find the optimal number of threads for an OpenMP program. Luk et al.  proposed

a fully automatic mapping technique to map computations to processing elements on heterogeneous

multiprocessors. They measured the parallelization speedups on matrix multiplication with a heterogeneous

machine and implemented it in an experimental system called Qilin and report a performance close to manual

mapping with an adaptability feature for different problem sizes and hardware configurations.

Dominguez et al.  extended their previous work by using Servet to map applications on multicore systems and

analyze the performance of different parallel programming models i.e., message-passing, shared memory, and

Portioned Global Address Space (PGAS). The featured extracted by Servet can be used to optimize the

performance by choosing a more appropriate mapping policy without source code modification.

9. In Situ Data Analysis
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y
The increasing data size, limited storage and bandwidth, efficient use of compute resources, difficulties in

examining output data, and storing and retrieving output data for post data analysis are considered impractical for

an exascale environment. The term data movement for in situ data analysis is mostly used to describe data

movement back and forth to persistent storage and retrieving data for post data analysis. In situ analysis translates

to saving in execution times, power, and storage cost, and avoiding either completely, or to a very large extent,

massive data movement of simulations output to persistent storage.

In situ data analysis is performed on the data in the transition phase before they are written back into the parallel

file system. Tiwari et al.  exploit the compute power in SSDs for in situ data analysis and called this approach

Active Flash. This approach provides energy-efficient data analysis as computation near storage devices reduces

the data movement cost; in addition, SSDs are equipped with low-power, multicore ARM-based controllers. In situ

analysis has become one of the core aspects of data interpretation in large-scale scientific simulations. However,

for data that already reside in backend storage systems, efficient data analysis is still a core issue.

Zheng et al.  proposed an in situ middleware system to facilitate the underlying scheduling tasks e.g., cycle

stealing. They created an agile run-time and called it GoldRush, fine-grained scheduling to steal idle resources by

ensuring minimal interruption to the simulations and in situ data analysis. The system makes use of the idle wasted

resources of compute nodes to be efficiently used for in situ analysis. The experiment results showed enhanced

performance, low data-movement cost, efficient resource utilization, and minimum interference with simulation.

Sewell et al.  proposed a framework that uses both in situ and co-scheduling approaches for large-scale output

data. They compare the performance by analyzing different setups to perform data analysis, i.e., in situ, co-

scheduling, and a combination of both.

9.1. In Situ Compression

Scientific data are mostly regarded as effectively incompressible due to their inherently random nature and

decompression also imposes extra overhead. Sriram et al.  addresses this problem of compression by

exploiting temporal patterns in scientific data to compress data with minimal overhead on simulation runtime.

Zou et al.  worked on data compression for the removal of redundant data reduction, by using general

compression techniques and proposed a use-specific method that allows users to remove redundant or non-critical

data by using simple data queries. This method allows users to optimize output data and explicitly identify the data

that need to be retained. General-purpose lossy compression techniques do not provide this level of flexibility.

9.2. Use of Indexing for In Situ Data Analysis

As the computation power increases at a brisk speed compared to storing data to disks and reading data back from

these disks, J Kim et al.  used indexing and in situ processing to address these challenges. Indexing is a

powerful and effective way of addressing data access issues, while the implementation of an indexing technology

is embedded in DBMS, which lacks the ability to manage most scientific datasets. They used in situ data

processing to create indexing in parallel, thus reducing the resources utilized, to store data back and forth from
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disks. The usage of indexes improved the data access time and in situ data processing reduced the index creation

time.

According to Sriram et al. , current state-of-the-art indexes require computation and memory-intensive

processing, thus making indexing impractical for in situ processing. They propose DIRAQ, a parallel in situ, query-

driven visualization, and analysis during simulation time that transforms the simulation output to a query-accessible

form. This technique has a minimum overhead on simulation runtime and speeds up query-response time.

Yu Su et al.  proposed in situ Bitmap generation and performing data analysis based on these Bitmaps. Bitmap

indices can be used as a summary structure for offline analysis tasks. Their work basically focused on in situ

analysis of selected bitmaps, thus reducing the amount of simulation output data to be stored on the disk and

reducing the memory requirements for in situ analysis. HPC systems with in situ data analysis analyze temporary

datasets as they are generated. Permanent datasets are stored in the backend persistent storage systems; their

efficient analysis is still a challenging task.

9.3. In Situ Visualization

As scientific simulations produce a huge volume of raw data, saving a vast amount of raw data for offline analysis

is a complex task and not a suitable method for current petascale and future exascale systems. Karimabadi et al.

 addresses this I/O issue through in situ visualization strategies. The main idea is to extract important features

from raw data parallel with simulation and thus reducing the amount of raw data stored on the disk. Their work

focused on the overhead associated with computation needs for in situ visualizations in parallel with the simulation

run.

Yu et al.  investigated in situ visualization for turbulent-combustion simulations and explored in situ data

processing and visualization strategies in an extremely parallel environment. Their results showed that in situ

visualization enhanced performance and can be used for accelerating high-performance supercomputing and

scientific discovery. Zou et al.  proposed an online data query system (FlexQuery) using inline performance

monitoring and minimized data movement with low latency data-query execution. They demonstrated the dynamic

deployment of queries by the proposed query system for low-latency remote data visualization.

Woodring et al.  addresses the issue of reducing memory footprints by sharing data between visualization

libraries and simulations by using a zero-copy data structure. They optimized the traditional way of coupling

different mesh-based codes for in situ data analysis where data needs to be explicitly copied from one

implementation to another with the necessary translation. This results in redundant data, which ultimately increases

memory footprints. They proposed an alternative way of sharing data between simulations through optimized

dynamic on-demand data translation, with reduced memory footprints and memory per core. Nouanesengsy et al.

 proposed a generalized analysis framework for automatically evaluating the relative importance of data in

order to reduce data products, thus ensuring enough resources to process reduce datasets. The proposed

framework prioritizes large-scale data by using user-defined prioritization measurements.
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9.4. In Situ Feature Selection

Landge et al.  proposed in situ feature extraction techniques that allow state-of-the-art feature-based analysis

to be performed in situ with minimal overhead on simulation runtime.

Zhang et al.  proposed a framework for in situ feature-based object tracking on distributed scientific datasets

with decentralized online clustering DOC and a cluster tracking algorithm. They run in parallel with the simulation

process and obtain data from on-chip-shared memory directly from the simulation. Their results showed that the

proposed framework can be efficiently utilized for in situ data analysis of large-scale simulations.
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