
ABSTRACT

JENKINS, JONATHAN PAUL. End-to-end Noncontiguous Access Pattern Optimization for
Extreme-scale Scientific Data Analytics. (Under the direction of Dr. Nagiza F. Samatova.)

In high-performance computing (HPC) environments, numerous factors conspire to make ef-

ficiently accessing large-scale scientific data difficult: the continually growing imbalance between

compute and I/O capabilities, the data intensive nature of current and future scientific simu-

lations, the distribution of data among many discrete storage locations in parallel filesystems,

and the complexity of data access patterns in I/O workloads.

Driven by these observations, two worthwhile goals to consider for the purpose of removing

bottlenecks from, and otherwise optimizing, I/O in an HPC context is reducing the size of access

through data reduction and reducing the complexity of mapping noncontiguous data accesses

to storage through data organization policies in parallel filesystems. Techniques for the former

can aid in mitigating the compute-I/O gap, while techniques for the latter can help extract the

maximum performance from the underlying storage system.

In this thesis, we propose complementary approaches to reduce both the size and complexity

of data accesses to parallel storage, focusing on post-data-generation analysis workloads (i.e.,

I/O read optimization) across the I/O software stack. Additionally, we develop methodologies to

efficiently process noncontiguous data, a common occurrence in HPC data workloads, informed

by current architectural trends (e.g., GPUs). For data reduction, we explore techniques of level-

of-detail analysis, which aims to reduce read costs for data analysis at the cost of reduced

analysis precision. While existing level-of-detail methods, such as hierarchical Z-order sampling

and wavelet multiresolution analysis, have proven useful in a number of analysis tasks, they

do not provide both hard bounds on data precision and full-context views of the data, both of

which are essential for a robust level-of-detail methodology.

Based on these limitations, we present a precision-based level-of-detail methodology (APLOD)

for scientific floating-point data, which utilizes the floating-point format to provide well-defined

I/O-accuracy tradeoffs. Data layout complexity is reduced by a deterministic partitioning of

data, with low computational overhead and bounded per-point errors.

The data processing required to implement APLOD induces noncontiguous access patterns,

which are ubiquitous in scientific computing, commonly seen in array subvolume accesses,

spatio-temporal accesses, etc. Processing these accesses, specifically for I/O, have been ex-

plored at various levels of the I/O software stack. For APLOD in particular, we have shown

scalable integration with the ADIOS high-level I/O library.

At the middleware level, specifically MPI and MPI-IO, we show the ability to map the

APLOD format and data transformations onto an MPI datatypes representation, which enables



the MPI runtime to efficiently communicate noncontiguous data without user intervention. One

significant use-case missing from such noncontiguous data processing is the ability to efficiently

process data residing in graphics processing unit (GPU) memory. Hence, we develop an MPI

datatypes processing algorithm optimized for GPU-resident data, utilizing the massively parallel

nature of GPUs. We demonstrate low processing overhead for both regularly-structured data

and irregular data, compared to methods based on PCIe direct memory access (DMA).

Finally, reducing the magnitude of accesses is but one piece of the puzzle – complex, noncon-

tiguous access patterns are exceptionally difficult to process effectively, especially at scale. With

this problem in mind and spurred on by recent developments and optimization opportunities

in HPC storage systems, we explore optimizations for complex access patterns, such as those

exhibited by APLOD, in the space between middleware I/O drivers (e.g., MPI) and object-

based storage systems (e.g., PVFS). We do this by exploiting direct object-storage semantics

to dynamically create partially replicated data optimized for differing access patterns, as well

as by leveraging integrated I/O tracing and analysis to make intelligent decisions to drive our

replica-based optimizations. Our method is shown to be effective at improving I/O performance

for several common noncontiguous access workloads.
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Chapter 1

Introduction

A well-known problem in the HPC community is the ever-increasing rate of data production

by large-scale scientific simulations, coupled with diverging rates of growth between dedicated

compute resources and shared storage resources [53]. These conditions lead to I/O becoming a

limiting factor in many data-intensive applications. This is not only a simulation-time problem,

where data to be written is being generated, but also a post-simulation analysis/visualization

of data, made especially important by the fact that the data flow for large-scale simulation data

is typically write-once, read-many.

To mitigate the performance gap, numerous avenues of research have been explored. On

the one hand, architectural advancements such as the usage of SSDs and burst buffers [58]

have been closely examined to continue to increase I/O system bandwidth and responsiveness.

Additionally, software-based solutions and data workflows have been developed to reduce or

even eliminate the need to perform I/O, via in-situ and in-transit computations which per-

form analysis operations while data is in cluster memory [61, 125, 123] or by bypassing the

filesystem and forwarding data directly from the simulation to dedicated analysis/visualization

resources [108]. While having been shown to be effective approaches, not all analyses are able to

be done at run-time for practical reasons – data cannot perpetually be in memory, and analyses

such as query-driven analysis require user input across a potentially global data context.

On the other hand, a broad range of data transformation and reorganization techniques

have been developed to accelerate/ease access to, reduce the footprint of, and/or augment

data in storage. There are many examples, such as reducing the storage footprint via com-

pression techniques (both lossy [49, 50] and lossless [85, 10]), indexing the dataset for fast

future access [39, 42], focusing on performing such transformations in-situ [87, 47], or hybrid

combinations of the mentioned methods [48, 30, 29].

In this thesis, we examine data transformations and reorganizations in storage across the I/O

software stack in support of optimizing I/O read workloads. Specifically, we focus our work on

1



the following two problems: 1) read-time data reduction techniques, reducing the I/O necessary

to perform accurate data analysis (related but not equivalent to reducing the physical storage

size of said data), and 2) generating efficient data distributions in parallel storage based on user

workload characteristics. There are numerous challenges in developing such methodologies, with

both usability and efficiency concerns:

1. Integration with existing I/O libraries. Data reduction that is fully “out-of-band” would

render usage and adoption in applications highly difficult.

2. Transformation speeds capable of in-situ usage. Compression libraries such as bzip2 may

be too heavyweight for in-situ application on scientific datasets (as seen by Schendel et

al. [85]) and may not present enough “value-added” to justify large-scale usage.

3. Non-intrusive data modification. Related to the first point, successful data transform and

reorganization techniques must attempt to avoid highly disruptive changes in data format;

otherwise they risk creating non-trivial interoperability concerns.

1.1 Hypothesis

Given our I/O optimization motivations and in mind of the specific challenges behind our

proposed work, we derive the following hypothesis which will be tested throughout our thesis:

For maximum I/O read performance and hence minimum time-to-analysis, compute-efficient,

read-time data reduction and distribution must be considered across the entire I/O software

stack. Furthermore, techniques must be able to work in tandem to optimize I/O in two non-

exclusive domains – reducing the size of data read necessary to perform efficient analysis with

guaranteed accuracy bounds, and distributing datasets in such a way that translates complex

user access patterns into simple and efficient filesystem access patterns.

1.2 Proposed Approaches

This thesis contributes new approaches that support the given hypothesis. Specifically, our con-

tributions are the following: a fast, bounded-error, lossless level-of-detail methodology, a non-

contiguous data processing algorithm capable of quickly packaging noncontiguous data layouts

such as that produced by our level-of-detail methodology, and a framework that uses filesystem

abstractions, specifically, the object storage abstraction, to build specialized data layouts given

user access patterns.
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1.2.1 Precision-based Level-of-detail Processing of Big Data

In the context of the growing amount of scientific simulation data, data reduction methodologies

are important tools for the computational gains of current and future supercomputers to not be

outweighed by the slower rate of growth by I/O subsystems. Compression, data reduction via

feature selection at run-time [61, 83, 92, 123], and other methods are active areas of research;

one methodology in particular that focuses on analysis-time data reduction is level-of-detail

analysis, which refers to analyzing a subset or approximation of a full context dataset. Level-

of-detail analysis allows scientists to trade off data precision and accuracy for a smaller data

footprint, improving I/O performance.

Problems and Challenges

For extreme-scale data and simulations, there are a number of restrictions necessitating new

level-of-detail methodologies. The most important of these is bounded per-point error, to provide

a guarantee of data accuracy – sampling-based analysis and wavelet multiresolution analysis

(MRA) do not provide this guarantee. Furthermore, post-processing large-scale data is increas-

ingly viewed as undesirable, as evidenced by the growth of in-situ, or simulation-time, data

processing methodologies and frameworks, such as DataTap/DataStager [3] and PreDatA [126].

Since in-situ support is necessary, a low-overhead data transform is required. Finally, to aid in

integration as well as to ensure communication and I/O efficiency, the data layout of the level-

of-detail method must be sufficiently simple so as to minimally disturb existing communication

and I/O patterns – general lossless compression methods are ill-suited for this.

Previous methodologies do not map well to this restricted problem space. Sampling-based

level-of-detail methodologies, whether statistical database sampling [16, 32, 72, 75] or spatial

sampling through data layouts such as the Z-order space-filling curve [78], do not provide a

full-context view of the data, and may lose small features or sharp transitions in the data.

Wavelet (MRA) [23], used heavily in image-processing and included in standards such as JPEG

2000 [99], provide strong average errors, but do not provide per-datum bounds on error. More

generally, data compression techniques designed specifically with scientific data in mind, such as

FPC [9, 10], FPZip [57], and ISOBAR [21], change both communication patterns for collective

I/O and data layout patterns to produce data chunks not aligned to disk stripe boundaries.

To summarize, our goal is to create a level-of-detail methodology that presents a full-context

view of the data with bounded per-point error. The method must additionally incur low compu-

tational overhead, and produce a simple data layout that can be easily integrated into existing

tools and do not significantly change communication-I/O patterns.
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Approach and Results

In order to meet these requirements, we developed an analytics-driven precision level-of-detail

(APLOD) methodology [41]. Built for floating-point data, APLOD enables configurable level-

of-detail access through specification of significant byte boundaries, which we call a component

vector (CV). Querying data at a parameterized level of precision, along with characteristics

defined in the IEEE 754 floating-point format [2], allows us to give exact upper bounds on per-

point data accuracy. Furthermore, the deterministic splitting of the input floating-point data

means access patterns are not significantly modified.

Initial results, compared against wavelet multiresolution analysis (MRA) using the GNU

Scientific Library (GSL) [25], were positive from both a performance and accuracy standpoint.

Performance-wise, the rate of transforming to and from the APLOD format is numerous times

faster than the GSL implementation (greater than 10x for larger buffers). Accuracy-wise, the

strict upper bounds on APLOD error allow analysis errors for numerous simple and more com-

plex operations to scale with the degree of precision, while outliers in the wavelet-reconstructed

data prevent the same from occurring in some of the metrics.

Additionally, we demonstrated how to represent the APLOD-formatted data within the

popular Adaptable I/O System (ADIOS) [59], which uses a simple XML configuration format

to configure data layout. By splitting variables within the XML configuration, the data layout

is handled by ADIOS rather than by users, provided that the data passed to ADIOS is APLOD-

transformed. For a 4x reduction in data read size via precision level-of-detail, we showed I/O

performance to scale at a factor of 3.5–4x.

1.2.2 Representing and Processing Noncontiguous Data Layouts at the Mid-

dleware Level with MPI Datatypes

While the simplicity of the APLOD data layout implies that application integration is a simple

matter, it nevertheless places an additional data management burden on the user, and is thus

undesirable. In the simplest case, each simulation-defined “chunk” of data, whether per-core or

some aggregate, can be transformed according to the APLOD CV, and iteratively written to

disk. In this case, disk striping patterns, and the communication necessary to write the data to

disk would change, though not to the degree that other data processing methodologies such as

data compression would. Furthermore, with the increased reliance on GPU technologies such

as Nvidia’s Compute Unified Device Architecture (CUDA) [71], it is preferable for higher-level

abstractions to have a degree of synergy between data located on the GPU and data located

on the CPU.
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Problems and Challenges

One question that arises is a usability versus performance one. What higher-level abstractions

exist that are capable of representing APLOD operations, and what effect do the use of those

frameworks have on APLOD performance? For this, we have identified two data movement

middlewares that are capable of performing APLOD storage and communication. The first

of which, ADIOS, we already discussed in Section 1.2.1. The second is through the Message

Passing Interface’s (MPI) derived datatypes [65, 81].

The usage of MPI derived datatypes allows us to implicitly perform the APLOD transform

through the communication layer. Through derived datatypes, which defines a noncontiguous

data space to perform communication and I/O, we showed how to map any APLOD format into

an equivalent MPI datatype. However, it was shown that the representation resulted in an up-to

10x performance regression, and is hence not suitable for APLOD transformation efficiency.

Despite the poor performance of an MPI-based method, recent computing architecture

changes necessitate revisiting the datatypes approach. Specifically, many-core, massively par-

allel architectures such as graphics processing units (GPUs), having made great strides in

programmability, have been deployed in numerous HPC systems. These strides have been seen

in the rapid development of many-core APIs and programming languages, such as CUDA,

the Open Compute Language (OpenCL) standard [43], and compiler-driven approaches, such

as the OpenACC Application Programming Interface [77]. Hence, we must also take into ac-

count simulation data residing in GPU space, which currently is distinct from CPU RAM. MPI

datatype processing algorithms are inherently serial due to the single-process-per-rank mapping

of MPI tasks to processing elements, creating a mismatch between the algorithms and GPU

best-practices. While recent research has investigated communicating contiguous data in GPU

memory through MPI [97, 110], as well as communicating noncontiguous strided data [109] new

processing methodologies must be developed in order to package the full gamut of noncontiguous

data, and subsequently perform APLOD operations on the GPU.

Approach and Results

To address the lack of efficient noncontiguous data transfer from data in GPU memory, we de-

veloped an MPI datatypes processing system which is capable of efficiently processing arbitrary

datatypes directly on the GPU. We designed a means for converting conventional datatype

representations into a GPU-amenable format, exposing parallelism. Fine-grained, element-level

parallelism was then utilized by a GPU kernel to perform in-device packing and unpacking of

noncontiguous elements.

As MPI derived datatypes are widely used in applications containing noncontiguous, com-

plex data structures, we performed extensive experimentation across a range of possible data lay-
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Figure 1.1: I/O Software/Hardware Stack

outs and scenarios, including APLOD evaluation. We demonstrated a several-fold performance

improvement for noncontiguous column vectors, 3D array slices, and 4D array subvolumes over

CUDA-based alternatives. Compared with optimized, layout-specific implementations, our ap-

proach incurs low overhead, while enabling the packing of datatypes that do not have a direct

CUDA equivalent. These improvements are demonstrated to translate to significant improve-

ments in end-to-end, GPU-to-GPU communication time. For APLOD in particular, we show

that MPI-based solutions, whether within GPU or CPU memory, are not an efficient mapping

of computation, necessitating other avenues of optimization.

1.2.3 Dynamic, Filesystem-level Data Layout Optimization

Consider the scientific software stack, shown in Figure 1.1. In general, data pre- and post-

processing can be performed at numerous levels: application developers can manually incorpo-

rate them into simulations, semantics can be added into the various I/O and communication

middlewares that abstract the data processing, and filesystems can optimize access to modi-

fied data formats. For example, compression has been integrated into I/O forwarding middle-

ware [86, 115]), requiring no application-level modifications. As discussed, APLOD was orig-

inally implemented as a combination of application-level and I/O library-level modifications,

showing both I/O scalability and low transform overhead. However, HPC-centric, filesystem-

level optimizations, taking advantage of the semantic qualities of distributed storage, have not

been explored, leaving a number of research questions (such optimizations have been explored

in other contexts; see Section 4.5).

Problems and Challenges

Within the context of APLOD in particular, and analytics-induced noncontiguous access pat-

terns in general, optimizations using parallel filesystem semantics (as opposed to, for example,
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POSIX I/O) have not been explored, except indirectly through the typical filesystem tuning

process and through I/O library configurations. There are opportunities for optimization at the

filesystem level which requires answering pressing research questions. These research directions

are driven by the shift towards more decentralized filesystem designs resembling HDFS [91]

and GoogleFS [27], in order to continue to scale in terms of cost, reliability, and performance.

Most importantly, the primary fault-tolerance mechanism in these systems is data replication.

Significant performance improvements can be made by exploiting this form of fault-tolerance,

tailoring different replications to different access patterns. From this goal, numerous research

questions can be derived:

• What role does access semantics play in enabling access-pattern-based optimization and

to what degree do we need to make these semantics available to the filesystem? As an

APLOD example, different analysis scenarios require different degrees of data precision,

implying different “optimal” layouts for the task at hand.

• How do we capture and optimize access patterns across replications in a dynamic fashion?

For example, the aggregate access patterns of initial analyses of data may not match those

of later analyses. Furthermore, scientists may run many different analysis applications on

a single dataset - static methodologies or optimizations driven locally, rather than globally,

lack the flexibility needed to handle these cases.

• What effects do data reorganization have on maintaining synchronicity between different

copies of the data? If there are non-trivial data transformations, then the modification of

these copies of data is also non-trivial.

However, investigating these questions solely within the context of APLOD creates a mis-

match in levels of abstraction: enabling and performing optimizations at the filesystem level

specific to APLOD would have minimal impact on the larger storage community that is not

applicable to other types of data layouts. Hence, we must consider higher-level problem ab-

stractions to optimize using filesystem-level semantics, which can be applied to other problem

domains (including APLOD).

Approach and Results

In this work, we investigate the first two research questions, focusing on access patterns induced

by multidimensional matrices (the third point is a subject of future work, see Chapter 5.1).

We choose multidimensional arrays based on numerous motivating factors. First, the APLOD

format can be represented as a two-dimensional array, with one dimension being the precision

components. Second, the use of multidimensional matrices is ubiquitous in scientific computing.
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Not only can spatio-temporal data be represented as multidimensional matrices, but simulation

variables themselves can be represented similarly. In databases, this distinction is made between

a row-store, where each tuple is stored contiguously, and column-store, where each variable

within a tuple is stored contiguously.

Given the likely future makeup of I/O systems, the use of data replication in parallel filesys-

tems can be seen in three different contexts: a strict performance context, where data can be

replicated to increase concurrent bandwidth to the file, a resilience context, where data can be

recovered and accessible in case of system error (hardware or software), and an access pattern

context, where different replications can organize data to optimize various methods of access

(such as row-major or column-major accesses). We initially focus our optimizations on the use

of replications in the latter context, with the former two to be tackled in future work (see

Chapter 5.1).

Optimizing these accesses in a dynamic fashion is a difficult problem, one requiring numerous

steps. First, for the purpose of prototyping, we decompose the problem into two domains: a

filesystem-level data layout scheme and a middleware-level replica management and I/O-driver

(implemented as an MPI-IO extension). This allows us to experiment with replica layout policies

and apply lessons-learned for future development of more tightly-integrated filesystem semantics

with respect to replication. Second, we use the latest experimental developments in the PVFS

filesystem [14, 31] to develop a direct, object-level data and replica layout policy, enabling a

single container for all related data/metadata, all without modifying the original data layout

in physical storage. Third, we develop an integrated tracer for MPI-IO capable of tracking

collective optimizations, an important use case for I/O workloads, and utilize the IOSig trace

analysis algorithm [11] to gather access-pattern information. Finally, we use a model-driven

approach to determine effective replica layouts for a given set of access-patterns and an aging

mechanism based on frequency-of-access to prioritize replica decisions.

As discussed, we investigate multiple types of volumetric decomposition, showing promising

results for the ability of partial replication at the object-storage layer to improve I/O perfor-

mance based on access pattern detection.
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Chapter 2

Byte-precision Level of Detail

Processing for Variable Precision

Analytics

2.1 Introduction

Data reduction in extreme-scale, scientific simulations is a quickly emerging necessity to reduce

current and especially future I/O bottlenecks, as compute performance continues to increase

at a far higher rate than I/O performance [54]. I/O bottlenecks are especially pronounced

when running analysis on simulation-generated data, a typically read-only process performed

numerous times by multiple application scientists, often on dedicated analysis clusters with less

computational power than the machines the data was generated on.

In the context of extreme-scale computing, data reduction technologies face a number

of unique architectural, algorithmic, and application-specific challenges which complicate the

emergence of an efficient solution that is highly applicable across application contexts. First, sci-

entific data is notoriously hard-to-compress, due to the utilization of double-precision floating-

point variables. These variables tend to have highly entropic mantissa bits, leading to data

reduction only on the order of 10 − 30%. Achieving higher compression ratios with lossless

compression methods require the discovery of non-trivial patterns within the typically spatio-

temporal data, making these methods unsuitable for in-situ processing. While state-of-the-art

lossless compression utilities such as ISOBAR [21] and FPC [10] have been making headway

into fast lossless compression of scientific data, achieving high degrees of data reduction while

retaining full precision is still best suited to a post-processing scenario, where a full-context

approach is possible.

Lossy compression, on the other hand, can greatly increase the compression ratio, making
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it more suitable for alleviating I/O bottlenecks in-situ. However, application scientists spend

an enormous amount of effort ensuring accurate and precise simulation results. While the loss

of precision may be acceptable for some simulations, it will not be for all.

Regardless of method, compression as a data reduction strategy introduces new, less optimal

access patterns to the I/O system, on both a software and hardware level. On the software

level, non-uniform compressed buffer sizes would necessitate global communication between

I/O nodes, introducing additional latency costs. On the hardware level, applications optimized

for certain striping patterns may lose performance due to the non-uniform buffer sizes, leading

to disk contention and lost I/O bandwidth.

Given the challenges that data reduction impose for simulation codes, instead of focusing

on reducing data at write-time, we argue it is highly beneficial to reduce data at read-time

through partial-precision analytics. The key insight here is that many types of analysis functions

may produce acceptably accurate results even with a greatly reduced amount of precision.

A common invocation of this principle can be found in multiresolution analysis (MRA) of

wavelet-compressed data, traditionally used in the graphics and visualization communities.

However, wavelet-based MRA has no bounds on errors at any resolution, and is technically not

lossless for double-precision data (though it can be in some cases for single-precision data [104]).

Furthermore, wavelet compression standards such as JPEG 2000 [99] have been successfully used

to compress single-precision climate data [118], but requires the quantization of single-precision

floating-point data, something which may not work well on double-precision datasets crossing

a wide range of exponent values.

To achieve these ends, we propose a analytics-driven precision level of detail (APLOD) pre-

processing methodology. Our approach is inspired by the bit-level format of double-precision

variables, and the fact that truncation of the mantissa component leads to low, bounded max-

imum errors based on the number of mantissa bits kept (see Table 2.1). To promote high effi-

ciency as well as application-specific tuning based on the accuracy needs of scientific simulation

analyses, we enable a generalized partitioning of double-precision data along byte-boundaries,

described by a byte-level component vector (CV). In other words, based on user preferences,

datasets are partitioned into groups of contiguous significant bytes, such as the most significant

two bytes. Datasets are stored contiguously by most significant bytes so that only data at a

required level of precision can be loaded into memory. There are numerous benefits to this

approach that, to our knowledge, have not been utilized by other analysis-level data-reduction

methods:

• APLOD processing enables configurable byte-level decompositions, providing simple ac-

cess to a range of precisions, including full precision, based on application needs. Each

degree of precision provides a hard bound on per-point relative error, as opposed to wavelet
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MRA.

• APLOD processing minimally disturbs existing parallel I/O access patterns. If I/O pat-

terns in an application are communication-free, then the patterns with APLOD process-

ing are communication free. Buffer sizes are deterministic, given the original data’s buffer

sizes. The storage barrier to APLOD processing is low, requiring at most tweaking to disk

striping parameters.

• APLOD processing is a low overhead operation in both the shuffling of a double-precision

buffer to the decomposition defined by a CV as well as the reconstruction of the partitioned

data back into original (or truncated) form. Even for the finest grain decomposition, the

transform operations achieve a throughput of 600MB/s. Wavelet transforms, however,

perform at a maximum of 434MB/s, which degrades significantly for very large buffers.

When reconstructing partial-precision data from a packed significant byte representation,

transform time is decreased in direct proportion with the data reduction. On a per-

core basis, the transform throughput far exceeds hard disk bandwidth, making APLOD

processing an ideal candidate for in-situ integration with applications.

• APLOD processing is orthogonal to existing data reduction and I/O optimization meth-

ods. Lossless compression can be applied to each byte-component (oftentimes resulting

in higher compression ratios [86]), and I/O optimizations exploiting data layout patterns

need not be significantly changed to incorporate APLOD layout changes. Since wavelet

MRA has stricter data layout requirements, applying complex layout optimizations to

wavelet-transformed data can be nontrivial.

• The programming overhead required to express APLOD operations is minimal and simple

to express using well-known I/O libraries, such as ADIOS [59].

This paper is organized as follows. First, we discuss related works in Section 2.2. Next, we

discuss the transformation methodology, including different ways of expressing the operations

(manually or using MPI datatypes), as well as simple ways of expressing the I/O operations

through ADIOS, in Section 2.3. In Section 2.4, we evaluate the methodology in a number of

benchmarks, including ADIOS I/O performance with and without partial precision decom-

positions enabled (Section 2.4.1) and transform overhead for both manually coded and MPI-

datatypes-based APLOD representations (Section 2.4.2). Finally, while we do not provide an

exhaustive or theoretical treatment of analysis algorithm accuracy, we empirically test a number

of algorithms for varying precisions on real-world large-scale scientific applications GTS [111],

S3D [17], and XGC-1 [82], in Section 2.4.3.
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Table 2.1: Maximum per-point percent errors on partial-precision IEEE 754 doubles, masking
the remaining bytes with the quantity 0x7F···FF.

.

Significant Max Underest. Max Overest.
Bytes Error Error

2 -1.5e0% 3.1e0%

3 -6.1e-3% 1.2e-2%

4 -2.4e-5% 4.8e-5%

5 -9.3e-8% 1.9e-7%

6 -3.6e-10% 7.3e-10%

7 -1.4e-14% 2.8e-12%

2.2 Background

The concept of level of detail processing, or operating on a subset or approximation of the full

context dataset, has been explored in numerous contexts. Examples include statistical sampling

techniques, arising from the database community, I/O optimization frameworks in HPC that

enable sampling on a spatio-temporal domain, and a wide range of signal and image processing

techniques, using transforms such as various families of wavelets that enable MRA. Note that

each level of detail processing method discussed is compatible with APLOD processing through

applying the operations on each significant byte component, though seek costs, effects on wavelet

accuracy, etc. need to be considered from the partitioning of byte-components.

Sampling in databases is a well-studied area, with much early work on general sampling

queries [75, 72], sampling on an index [73], and sampling in spatial databases [74]. More recent

work has also treated the issue of minimizing sampling error due to data skew [16, 32]. Database

sampling methods typically do not change the underlying data layout, leading to a large number

of seeks, a problem in HPC environments, where seeking in parallel file systems is a high-

latency operation. Furthermore, statistical sampling runs the risk of losing small features or

sharp transitions in the data, especially since most scientific datasets exist in some spatio-

temporal domain. Finally, statistical sampling, such as random sampling, provides for data

analysis errors as a distribution, rather than as a bound; while improbable, there is still the

chance for significant skew depending on the data distribution.

To tie data access patterns to level of detail processing and achieve high-performance sam-

pling, Pascucci and Frank [78] take a different approach and focus on I/O efficiency instead

of statistical rigor. They break the data into progressively coarser, mutually exclusive subsets

according to the Z-order space filling curve. Each subset is stored contiguously, allowing efficient

access to coarse-grained data subsamples, corresponding to the spatial patterns exhibited in the

space-filling curve. By retrieving some number of contiguous layers of the hierarchy, data can

be returned at a particular sampling rate with only a single sequential read operation. Related

methods in the context of visualization are described elsewhere [113, 51], and also use hierarchi-
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cal data layouts. This method also provides a speed/accuracy tradeoff for data analysis, but has

some potential drawbacks. Aside from the mentioned statistical sampling problems, the fixed

sampling procedure of hierarchical data layouts is prone to selection bias, though for analysis

operations such as visualization this is less of an issue.

Discrete wavelet transforms and MRA [23] are particularly popular for level of detail pro-

cessing, commonly used in image standards such as JPEG 2000 [99] for high compression ratios

while maintaining image integrity. In general, discrete wavelet transforms convert an input

signal into detail coefficients (from a high-pass filter) and approximation coefficients (from a

low-pass filter), recursively transforming the approximation coefficients. The hierarchical nature

of the transform allows reconstruction of the original signal from a subset of the approximation

coefficients with high accuracy. Thus, wavelet MRA is the closest applicable method to our

proposed APLOD processing. However, while low average errors from MRA are shown (see

Section 2.4), there is no upper bound on the errors, and accuracy depends on spatio-temporal

relationships in the data. Compared to APLOD, wavelet MRA allows for a much finer-grained

decomposition of data. However, at least for the double-precision datasets we test on, using

even one-half of the coefficients leads to unacceptable errors, rendering this capability mostly

ineffective with such datasets.

2.3 Methodology

As mentioned, the goal of enabling efficient variable-precision analytics requires a modified

data representation, one that is capable of being queried by varying degrees of precision. The

reduced precision format should directly result in reduced I/O costs; otherwise, there is little

tangible benefit to using such a representation aside from perhaps a reduced memory footprint.

Furthermore, overhead for performing the transformation to and from the data representation

must be small enough to not bottleneck the application.

Based on these restrictions and differing analysis needs of applications, we define a simple,

parameterized data decomposition model based on component vectors (CVs). We treat a buffer

of data as a matrix of bytes, then define column slices (components) based on significant byte

boundaries. These slices are transformed to occupy a contiguous buffer, which can then be read

into memory separate from other levels of precision. CVs define these column slices, allowing

users to choose a data decomposition that makes sense for their analysis needs.

The basis for the component vector is the representation of double-precision floating point

data in memory. Recall that the IEEE 754 standard [2] represents double-precision values as a

single sign bit, 11 exponent bits and 52 mantissa bits (see Figure 2.1). The value represented
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Figure 2.1: The partitioning of a IEEE 754 double-precision value by the CV {2, 1, 1, 4}.

by double-precision data (not including subnormal values) is given by:

value = (−1)s × (1 +

52∑
i=1

(mi2
−i))× 2e−1023, (2.1)

where s is the value of the sign bit, mi is each mantissa bit in decreasing order of significance,

and e is the unsigned integer interpretation of the exponent bits.

Given this representation, we make two observations that drive our partial-precision rep-

resentation. First, we observe that the mantissa bits represent a fractional component in the

overall value. That is, the entire mantissa component with the implicit one bit, between the

minimum (of all zeroes) and maximum (of all ones), represents a factor in the resulting double-

precision value in the range [1, 2). Second, we observe that each less significant mantissa bit

contributes an exponentially smaller amount to this multiplier. Given Equation 2.1, we can

easily bound the effects of truncation or replacement of the mantissa bits, the results of which

can be seen in Table 2.1.

Combined with the use of the exponent bits, truncation of the less significant mantissa

bits thus provides a good opportunity to reduce the amount of data at small error rates. By

comparison, truncation is typically not feasible for integer data since the bits encoding the

integer are not exponentiated by a set of exponent bits. Given the double-precision format,

the smallest byte-wise CV must always contain the exponent portion; otherwise, unacceptably

high error rates would be generated. Hence, since we use byte-boundaries for efficiency reasons,

the first component in any CV is restricted to be at least two bytes, as shown in Figure 2.1.

As shown in Table 2.1, truncating to the most significant two bytes, along with masking the

discarded mantissa bits, leads to a maximum relative error of 3.1%.

Given the definition of the byte-level partitioning of double-precision data, a high level

system overview is given in Figure 2.2. An application defines a CV suitable for its partial-

precision analysis needs, the original data is shuffled into the new representation and written

to disk. At analysis time, users read partial (or full) precision data on a per-component basis,
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Figure 2.2: Byte-precision level of detail partitioning, based on a generic component vector
(CV) splitting groups of significant bytes.

according to the needed level of precision. If necessary, the data is then reconstructed back to

the original format, though with the missing significant bytes masked with an appropriate value

to reduce the average error.

An example CV defined over a double-precision value is shown in Figure 2.1. For this

CV ({2, 1, 1, 4}), the first two bytes of each double-precision value are stored contiguously. As

mentioned, these bytes contain the sign bit, all 11 exponent bits and the four most significant

mantissa bits. If a buffer of size 8MB was being shuffled, the result would consist of four buffers: a

buffer containing 2MB of most significant two bytes, two 1MB buffers of the next two significant

bytes, and a 4MB buffer containing the remaining significant bytes.

2.3.1 Component Vector Representation and Operations

The shuffling and reconstructing operators can be defined in two ways, through using the Mes-

sage Passing Interface (MPI) Standard to specify MPI datatypes and transforming implicitly

through MPI communications and I/O routines [65], or as standalone operators. Each compo-

nent in a CV has a number of semi-regular structures, sharing an element-to-element stride as

well as a total number of elements, differing only in the “width” of each datum. These can be

simply represented as a set of MPI vector types, with blocklengths, or number of elements

per stride, as the number of bytes in the component. A vector type is defined per component,

and the set of vectors with necessary offsets are encoded into a single MPI struct type, which

specifies a set of distinct datatype, offset pairs. Figure 2.3 shows the overall type for an example

CV. Given the three components X, Y , and Z, three MPI vectors are used (with possible rep-

etition for components with equal byte-widths), and packaged together as a single MPI struct.

These types can then be directly used within MPI I/O or communication routines, leaving the

MPI library to handle the packaging of the data.
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Figure 2.3: Partial-precision level of detail transformation using MPI datatypes, for CV
{x, y, z}.

However, there are a number of issues with a purely MPI-based representation. First,

the packing algorithm, which places the non-contiguous data into a contiguous buffer given

a datatype specification, may not be efficient compared to a low-level implementation which

can take advantage of vectorizing and loop unrolling. See Section 2.4.2. Second, in order to

reconstruct at varying degrees of precision, it is necessary to create a different datatype per

number of components to load. For example, for the CV {2, 1, 1, 4}, four MPI structs need

to be created, one for the first component, one for both the first and second components, and

so on. Furthermore, when reconstructing partial-precision data, it is necessary to perform an

additional memory setting operation to zero out or mask the significant bytes not loaded in,

adding to the overhead. A specialized implementation is able to roll this memory set operation

into the reconstruction process.

A manual representation is much simpler, consisting merely of the CV. The shuffling and

reconstruction operations can be seen as a generalization of a matrix transpose, where each

column is of variable width. This would suggest usage of efficient matrix transpose algorithms.

However, in our case, one dimension is always on the order of a few bytes. Such a restricted

problem space makes using complex matrix transpose algorithms unnecessary: they break down

to following the same access patterns as the naive transpose algorithm. Hence, the naive algo-

rithm is sufficient, consisting of a single loop per component, setting the data in the APLOD

format to its correct location in its original format, while taking advantage of component widths

and necessary memory setting operations along the way.
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<!-- original variable -->

<var name="phi" type="double" ... />

<!-- variable in APLOD format, CV=2,1,1,4 -->

<var name="phi.c1" type="unsigned short" ... />

<var name="phi.c2" type="unsigned char" ... />

<var name="phi.c3" type="unsigned char" ... />

<var name="phi.c4" type="unsigned int" ... />

Figure 2.4: A double-precision variable in the ADIOS XML configuration, in both unmodified
and in APLOD format.

2.3.2 Partial-precision I/O

While it is difficult to provide a generic I/O analysis for each simulation code, there exist

a number of parallel I/O middlewares that abstract file storage details from the application

while ensuring high performance. A particularly popular I/O abstraction is the Adaptable I/O

System (ADIOS) [59]. ADIOS is a state-of-the-art componentization of the I/O system that,

with a simple change to an entry in an XML configuration file, changes codes to use numerous

I/O backends, called “transports,” without requiring application recompilation. For example,

POSIX, MPI-IO, parallel HDF5 [120], PnetCDF [56], and numerous others are supported trans-

ports. Given the flexibility of I/O methods to use and the possibility for defining the CV through

the XML configuration file, we chose to use ADIOS to show that data reduction through our

partial precision reorganization of data can translate directly to improved I/O costs, and can

do so under a wide range of application contexts.

Enabling APLOD processing using ADIOS requires two simple changes. The first change

is at the configuration level, where the ADIOS XML configuration file is modified to support

the retrieval of partial-precision data. Figure 2.4 shows an example. For each variable being

reorganized using APLOD, new variables are created for each CV component to replace the

original variable. For multivariate data, there are two ways to place the CV components in the

configuration file. The first is to interleave the CV components for each variable, optimizing

the access of multiple variables at a particular degree of precision in one fell swoop. The other

is to place all CV components consecutively for each variable, optimizing for univariate access

of data at various degrees of precision.

The second change required is at the code level, where the I/O operations are modified to

handle the partial-precision data. Following the data transform, a write/read is made for each

APLOD component, depending on the order described in the previous paragraph, replacing

the original I/O calls. Since the ADIOS API fetches variables from file using string identi-

fiers, this process can be automatized using an appropriate naming metric, such as variable-

name.component, and thus can be hidden behind wrapper functions.
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2.4 Experimental Evaluation

To evaluate the APLOD methodology in a leadership-class HPC environment, we perform

all experiments on Oak Ridge National Laboratory’s Jaguar cluster (Cray XK6 architecture),

consisting of a single 16-core AMD Opteron 6200 processor and 32GB of memory per node. For

I/O benchmarks, we use ADIOS version 1.3.1 on the Lustre parallel file system.

We look at datasets from a number of real-world simulations. GTS [111] and XGC-1 [82] are

both particle-in-cell simulations of nuclear fusion devices, with GTS studying microturbulence

in the plasma core and XGC-1 studying microturbulence at the edge. We examine the potential

(φ) variable of a single timestep from GTS and the temperature varaible of a single timestep

from XGC-1. Finally, we look at S3D [17], a direct numerical simulation of reacting flows in

combustion. We examine the velocity variable of a single timestep in two dimensions (uvel and

vvel).

As a primary source of comparison, we use wavelet multiresolution analysis. Specifically, we

use the D4 Daubechies wavelet provided by the GNU Scientific Library (GSL) [25]. Compared

to the other wavelet options available in the GSL (such as Haar and Spline), the D4 wavelet was

the most accurate for the datasets used in this paper and had minimal performance differences.

For the GTS potential variable, which is linearized from a toroidal structure, we use the one-

dimensional wavelet transform. For the other two-and-three-dimensional datasets, we divide

the data spatially into 32× 32 blocks and use the standard two-dimensional transform on each,

which interleaves each level of the transform between rows and columns. For comparison against

APLOD reorganization, we then load the most significant wavelet coefficients and reconstruct

the data, replacing with zeroes the remaining coefficients.

We perform a number of benchmarks to evaluate our methodology. First, we test whether

reading reduced data correlates to lower I/O costs using a parallel read of both unmodified

double-precision data and APLOD-reorganized data. Second, we examine the APLOD trans-

form overhead for numerous CV configurations, comparing against an MPI datatypes represen-

tation as well as against the D4 transform. Finally, we examine analysis functions of varying

degrees of complexity to evaluate the effects of partial precision reconstruction and wavelet MRA

on analysis accuracy. Note that, as opposed to reconstructing the data as double-precision vari-

ables with a masked mantissa portion, it is possible to reconstruct in single-precision format

or even using a fixed-point representation, as proposed by Narayanan [67], to optimize analysis

performance, energy efficiency, etc. These methods are complementary to the APLOD method-

ology, using APLOD reorganization to reduce the I/O costs while using the alternate reconstruc-

tions to optimize various metrics. However, to evaluate the effectiveness of our partial precision

representation with respect to analysis accuracy, we reconstruct the data in double-precision

format to remove any additional effects on accuracy that the alternative representations would
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Figure 2.5: Parallel I/O read performance (actual and relative) using ADIOS, with and without
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induce, in effect keeping the data in as close to original form as possible.

2.4.1 I/O Performance

Using ADIOS as a driver for our APLOD I/O performance benchmarking, we investigate parallel

read performance under a number of scenarios. On a per-reader basis, we chose a partition

size of 512MB for two reasons: first, data reading scenarios tend to use many less cores than

writing for analysis purposes due to different resource allocation for the respective tasks, and

second, we wish to target bandwidth-bound analysis scenarios, and thus minimize the effect

of access latency. Furthermore, we chose to test on the CV {2, 1, 1, 4}, as our accuracy results

in Section 2.4.3 indicate that the first four bytes of double-precision variables are sufficient

to perform many types of analysis operations, while the latter four bytes are used where full

precision is needed (e.g., checkpoint-restart data).

Three scenarios for read performance are shown in Figure 2.5. Our base case is ADIOS

performance without data reorganization, which tops out in our tests at about 46GB/s, or 5.7

billion double-precision elements. This is closely matched by the ADIOS read performance of full

precision data using reorganized APLOD data with the CV {2, 1, 1, 4}, providing evidence that

the reorganization of data does little to disturb read access patterns at the disk level. However,

for manually tuned I/O read patterns, more care would be needed. Finally, we show the effects

of reading only the first APLOD component, corresponding to the two most significant bytes.

While the time taken by a single compute node (16 cores) is degraded somewhat, increasing the

number of cores shows between 3.5 and 4 times the improvement in I/O performance, relative

to the number of “elements” read. At 1024 cores, the partial-precision read operation occurs at

22.5 billion elements per second, or a relative “180GB/s”.
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2.4.2 Transform Performance

For a number of CVs, we test APLOD transformation performance using both our manual

implementation and the MPI datatypes representation. For each benchmark, we measure the

slowest possible transformation, corresponding to the finest grain CV {2, 1, 1, 1, 1, 1, 1}, as well

as a few others, to show the effect of partitioning with varying degrees of coarseness on transform

overhead.

Furthermore, we compare against the one-dimensional transform provided by the GSL for a

few reasons. Most notably, the output format of the one-dimensional transform may be directly

used for multiresolution analysis and is thus most applicable for comparison against APLOD.

The two-dimensional transform, in order to support the contiguous layout of each “level” of the

transform, would require additional data reorganization. Combined with the need to transform

non-contiguous column data, the overhead becomes unacceptably large.

First, Figure 2.6 shows both full-precision shuffling and reconstruction operations. Asides

from very small sizes (less than one KB), the manual implementation at the finest grain CV

shows a throughput of 600MB/s for a 1MB buffer, and a maximum of 744MB/s for an 8KB

buffer. For coarser grain CVs, a clear performance advantage is seen due to the implementation

taking advantage of larger byte widths. At a very coarse grain partitioning (CV {4, 4}, where

the first component represents approximately the level of precision of a single-precision floating

point number), the transform is extremely fast, operating with a throughput of up to 2GB/s. For

the reconstruction, the throughput experienced a small drop-off due to the data size exceeding

available cache space. MPI datatypes in this case (via a call to MPI Pack) are not able to

provide the performance of the manual implementation, operating at an approximately order

of magnitude lower throughput. The wavelet transform’s performance lies between the two

APLOD implementations, showing a throughput of 275MB/s for a 1MB buffer and a maximum

throughput of 434MB/s for a 2KB buffer. As evidenced in the graph, the performance of the

wavelet transform experiences larger regressions than the other methods for larger buffer sizes.

Next, Figure 2.7 shows the throughput of the reconstruction process, in terms of the amount

of output data produced. The rate of transformation is increased in proportion to the preci-

sion of data transformed. For instance, reconstructing a buffer from the most significant two

bytes produces the data at a rate of up to 4.3GB/s. Similar trends can be seen in recon-

structing the most significant three and four bytes, including performance increases from using

coarse-grained CVs. As with the full-precision shuffling and reconstruction, the MPI packing

methodology achieves approximately five to ten times slower performance. Performance met-

rics for wavelets are not shown here, as the inverse transform performs equivalent operations

regardless of the proportion of coefficients used, meaning that wavelet multiresolution analysis

only takes advantage of a reduced data representation for I/O operations.
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Figure 2.7: Performance of partial-precision value reconstruction.

2.4.3 Partial Precision Analysis Accuracy

Basic Measures

While the benefits of partial precision analysis to I/O costs are clear and intuitive, it must be

verified that partial precision analytics is a viable methodology to pursue. More specifically,

it is necessary to determine at which levels of precision analysis functions provide adequately

accurate results. As the scope of analysis functions on scientific data is much too large for

an exhaustive survey, we choose a number of simple and more complex analysis scenarios to

determine the potential for large-scale partial-precision analytics.

First, we ensure that the general structure of the data is consistent, which we expect to

see from the low maximum errors presented in Table 2.1. To that end, we calculate mean and

maximum per-point relative error in the dataset, Pearson correlation, and the relative errors

of mean/standard deviation between the original datasets and the partial precision datasets.

Each of these metrics are shown in Tables 2.2, 2.3 and 2.4, respectively. These results show

that the datasets are roughly equivalent in the aggregate, with low errors for the mean and

21



Table 2.2: Per-point relative errors (absolute values).

Per-point relative error (%, absolute)
Median Maximum

Variable Parameter1 APLOD D4 APLOD D4

2 1.08e0 1.10e1 3.12e0 2.12e6
potential 3 4.24e-3 - 1.22e-2 -

4 1.65e-5 4.55e0 4.76e-5 5.57e5

2 1.02e0 1.30e-1 3.12e0 7.10e1
temp 3 4.24e-3 - 1.21e-2 -

4 1.63e-5 5.34e-2 4.73e-5 4.08e1

2 1.08e0 4.44e-2 3.12e0 3.84e5
uvel 3 4.15e-3 - 1.22e-2 -

4 1.62e-5 1.23e-2 4.77e-5 1.31e5

2 1.08e0 6.34e-1 3.12e0 1.30e7
vvel 3 4.24e-3 - 1.22e-2 -

4 1.66e-5 1.87e-1 4.77e-5 2.26e6
1Proportion of data used. For APLOD, the number of significant bytes. For the D4 wavelet, the proportion of

coefficients brought in for multiresolution analysis, as a fraction of eight.

standard deviation values and near equivalent (1.0) Pearson correlations. Furthermore, the

average absolute relative error per-point is low, though the maximum error for two bytes of

precision reaches the maximum possible. In comparison, the wavelet-reconstructed data has

much more variability. The most significant difference between the D4 wavelet and APLOD

is the presence of large relative errors in the wavelet-reconstructed data, that persist even

for a large number of coefficients. Also, the errors seen in the wavelet-regenerated data see a

lesser degree of change when moving from lower precisions to higher precisions, both due to the

“vanishing” nature of the less significant coefficients as well as the persistence of high maximum

errors throughout.

Distributional Analysis: k-means and Histogram

Since there is little error between points of data, and that error is distributed across the dataset,

the previous metrics were expected to be highly accurate. However, small changes to a variable

may change the global behavior of analysis algorithms that, for example, partition the data. In

the worst case, edge conditions between the partitions can be sensitive to changes in precision,

producing different results. To test the possibility of small local changes yielding large global

changes, we performed two experiments on the data: generating an equal-interval histogram

based on the data with a constant number of bins, and clustering the data via the k-means

algorithm with randomized centroids.

Table 2.5 show the misclassification rate of running the k-means algorithm on the uvel

and vvel variables. The misclassification rate is computed by using the same randomly chosen
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Table 2.3: Pearson Correlation between full and partial-precision data.

Pearson Correlation

Variable Parameter1 APLOD D4

2 1-8.59e-5 0.972
potential 3 1-1.34e-9 -

4 1-0.00e0 0.996

2 1-5.75e-04 0.954
temp 3 1-9.04e-09 -

4 1-1.34e-13 0.984

2 1-6.59e-04 0.992
uvel 3 1-9.97e-09 -

4 1-4.77e-14 0.998

2 1-9.27e-05 0.993
vvel 3 1-1.42e-09 -

4 1-0.00e0 0.998
1Proportion of data used. For APLOD, the number of significant bytes. For the D4 wavelet, the proportion of

coefficients brought in for multiresolution analysis, as a fraction of eight.

Table 2.4: Partial-precision relative errors for mean and standard deviation.

Mean Error (%) Std. Dev. Error (%)

Variable Parameter1 APLOD D4 APLOD D4

2 3.88e0 1.60e-11 5.53e-2 2.77e0
potential 3 2.88e-2 - 2.70e-5 -

4 2.06e-4 9.78-11 1.54e-7 4.24e-01

2 6.87e-2 7.91e-14 2.92e-1 4.64e0
temp 3 6.46e-6 - 1.87e-4 -

4 4.57e-8 9.10e-13 1.56e-9 1.64e0

2 1.90e-2 8.47e-12 9.85e-2 8.16e-1
uvel 3 3.81e-6 - 1.95e-5 -

4 4.64e-9 1.27e-11 1.39e-8 2.09e-1

2 4.26e-2 2.68e-12 6.30e-2 6.90e-1
vvel 3 1.04e-5 - 6.80e-6 -

4 2.30e-8 3.64e-12 5.81e-8 1.55e-1
1Proportion of data used. For APLOD, the number of significant bytes. For the D4 wavelet, the proportion of

coefficients brought in for multiresolution analysis, as a fraction of eight.
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Table 2.5: Clustering errors, measured as the misclassification rate compared to full-precision.
The uvel and vvel variables from S3D are partitioned into 10 clusters.

K-means Error (%)

Parameter1 APLOD D4

2 5.41e0 3.27e0

3 2.52e-1 -

4 1.30e-3 3.31e0
1Proportion of data used. For APLOD, the number of significant bytes. For the D4 wavelet, the proportion of

coefficients brought in for multiresolution analysis, as a fraction of eight.

centroids for both the full and partial precision data and computing the proportion of partial-

precision points assigned to different clusters than the corresponding full precision points. For

two bytes of precision, 5.41% of points are assigned to a different cluster than when using

full-precision values. These points are likely near the “edges” of the original clusters, which

are vulnerable to membership switching through small changes in the cluster centers. The error

quickly disappears when using a higher degree of precision, however. Once again, in the wavelet-

reconstructed data we see a relatively consistent level of error due to the existence of outliers.

At the lowest degree of precision tested, the error is less than that of APLOD, but the persistent

presence of outliers regardless of the proportion of wavelet coefficients keeps the errors relatively

consistent, while increasing the bytes of precision with APLOD quickly overcomes such errors.

Figure 2.8 superimposes the partial-precision histogram on the full-precision version. We

display only the XGC-1 temperature histogram as it is the most illustrative of the trends

shown in the datasets considered (S3D has similar patterns, but to a lesser degree, and the

exponential component of GTS data differs by far too much for a equal-interval histogram to

capture useful distributional information). Note that the selection of data we are using has little

difference in the exponential component, meaning that the fractional component is a relatively

more important component of the data.

For APLOD-based reconstruction, as Figure 2.8 shows, the problems with losing precision

(truncating the six least significant mantissa bytes) are apparent. There is a clear “clustering”

effect whereby there is not enough precision to sufficiently separate values into bins when equal-

interval binning is used, hence the oscillatory pattern between empty bins and much larger

bins. One solution is to use different parameters based on the degree of precision used, which

is undesirable; ideally, reduced precision should only introduce noise into the analysis, instead

of requiring a revisiting of the analysis function. In any case, with three bytes of precision,

these problems all but disappear, suggesting that three bytes is accurate enough to represent

this dataset. Data with small ranges that primarily occupy the mantissa portion of the double-

precision data are likely to need additional precision.

The wavelet-reconstructed data also has distributional problems, though not of the variety
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Figure 2.8: XGC-1 100-bin histograms.

that the APLOD data has. Figure 2.8 shows that the existence of outliers shift the range of

the data, leading to a different distribution of values among them. However, even if the bins

were “shifted” from lower to higher bins in Figure 2.8, skewed results would still appear, as

evidenced in the spikes in values compared to the three bytes of precision in APLOD, which

matches perfectly against the full-precision data.

Fourier Analysis Accuracy

Finally, some analysis functions involve transformations of the data into a different space.

In particular, many applications rely on signal processing techniques for data analysis, built

on transformations such as wavelet and Fourier transforms. The data in this case may be

especially prone to error propagation since new points of data are produced by sometimes

complex operations on the full or subselected data set, which are then analyzed.

For GTS simulations in particular, Fourier Transforms (FFT) of the grid-based electrostatic

potential are carried out to analyze the spectral characteristics of turbulence in the fusion core.

Gradients in the hot fusion plasma generate so-called “drift waves”, which couple with each

other through non-linear effects. Charged particles forming the plasma continuously exchange

energy with these waves as turbulence develops. Spectral analysis through FFTs allows the

identification of the most important modes in the system (i.e., fastest growing modes) and how

they couple with each other to form other modes.

To examine the effect of running FFTs on partial-precision data, we perform the transform

on the full-precision and partial-precision GTS potential data. With the resulting set of complex

25



numbers, we generated three metrics for both APLOD and wavelet MRA. First, we organize the

data by drift wave number and calculate the mean/median relative error vs. the full-precision-

generated FFT data, to examine if there is a distributional relation between the errors. Second,

we plot the absolute values of the full-precision FFT coefficients against the corresponding

error seen to examine whether there is a relation between exponent value and error. Figures 2.9

and 2.10 show these metrics for the wavelet-generated and APLOD data, respectively, while

Table 2.6 gives a numerical distribution of the errors. The real component is shown for these

metrics; in comparison, the complex component shows similar trends and the magnitude of the

complex numbers shows order-of-magnitude improvements in accuracy.
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Figure 2.9: For the D4 wavelet, a,b - Mean, median errors of FFT data along each drift wave
(real component), and c - FFT errors plotted against real component value.

Based on these error measurements, we observe two trends. First, the wavelet-generated

data, even when using one-half of the wavelet coefficients, shows unacceptable error in all

metrics. As noted in the previous sections, we believe this to be the result of outliers skewing

the results across every FFT component. Second, errors seen for the APLOD data are much

higher for the lowest precision representation than in the previous metrics. The combination of

each point in FFT space being a linear combination of all others and the huge differences in

the exponent component leads to the propogation of errors. While the largest of outliers are

persistent for multiple bytes of precision (where the real and complex component are in the

10−20 range), the remaining data approaches acceptable error at four bytes of precision. For

this particular application, approximate measures based on aggregate values at wave numbers

may be able to use a lesser degree of precision (three bytes).
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Figure 2.10: For varying APLOD precisions, a,b - Mean, median errors of FFT data along
each drift wave (real component), and c - FFT errors plotted against real component value.

2.5 Conclusion

Extreme-scale scientific applications follow the write-once, read-many paradigm, following a

cycle of production-level simulation runs followed by analysis by multiple scientists. Rather

than focusing on optimizing the writing of simulation data or reducing it through compression,

which may disrupt I/O patterns, we instead chose to reorganize the data to optimize read-level

performance by trading off variable data precision for data reduction. Through our method of

APLOD processing, this functionality is provided in a simple and low-overhead manner. Perhaps

most importantly, it avoids the primary problems of data reduction through compression by

providing a globally deterministic partitioning of data that respects existing data layouts and

avoids non-uniform buffer sizes. We believe our approach is a low-barrier, high-applicability

solution for applications that wish to speed up their analysis processes without sacrificing

performance with respect to the original data layout or spend significant effort redesigning I/O

and data layout methodologies. Our claim to applicability is strengthened by the use of ADIOS,
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Table 2.6: Distribution of relative errors for real, complex, and magnitude components of FFT
data generated from the GTS phi data. Total number of points is 191751. A refers to APLOD,
W refers to wavelets, and the number refers to the proportion of the full dataset used (as a
fraction of eight).

Comp. Rel. Err. (%) A-2 A-3 A-4 W-4

Real

x ≤ 1 27912 177681 191558 752
1 < x ≤ 5 36193 10235 92 3041
5 < x ≤ 10 22306 1688 10 3632

10 < x ≤ 100 77202 1789 10 66114
100 ≤ x 28138 358 81 118212

Complex

x ≤ 1 32420 179648 191547 719
1 < x ≤ 5 43955 8887 88 2969
5 < x ≤ 10 23652 1322 14 3802

10 < x ≤ 100 67067 1525 8 65491
100 ≤ x 24657 369 94 118770

Magnitude

x ≤ 1 52841 190283 191751 1445
1 < x ≤ 5 60856 1410 0 6086
5 < x ≤ 10 26606 44 0 7534

10 < x ≤ 100 46830 12 0 122837
100 ≤ x 4618 2 0 53849

a widely-used I/O library in the extreme-scale sciences.
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Chapter 3

Enabling Fast, Noncontiguous GPU

Data Movement in Hybrid

MPI+GPU Environments

3.1 Introduction

A great amount of interest in the HPC community has been centered on the capabilities of

graphics processing units (GPUs) as inexpensive, many-core accelerators. Evidence of this is

seen in recent Top500 lists of supercomputers [1], where GPU accelerators are gaining in popu-

larity due to their effectiveness over a wide range of computational loads and a favorable FLOPs

to power ratio.

A number of technical challenges arise from the addition of a fundamentally different com-

puting architecture to existing systems. Aside from the cost of developing, porting, and optimiz-

ing codes to run on the GPU, there is a greater concern about integrating them into algorithms

with non-trivial point-to-point and collective communication patterns. The currently prevailing

GPU accelerator model consists of discrete graphics processing hardware with memory separate

from the CPU’s RAM. Hence, any communication operation involving data resident in GPU

memory requires moving data between GPU and CPU memories, effectively adding another

“hop” to the communication graph. Since the MPI Standard [65] does not define MPI’s inter-

action with GPU memory managed by, for example, OpenCL [43] or CUDA [71], the burden

of managing distinct memory spaces, especially of non-contiguous communication, falls on the

application developers.

Enabling MPI to interact directly with data stored in GPU memory is an important step

toward providing transparent and efficient integration of GPUs into HPC applications. Beyond

communication operations that transfer contiguous chunks of GPU data, a more general and

29



challenging problem is the communication of noncontiguous data. MPI datatypes enable such

communication for data in CPU memory, allowing the programmer to define an arbitrary layout

for data to be sent or received (or input/output for MPI I/O operations) using a single MPI

operation. A common use of data types in scientific computing is the transfer of noncontiguous

array slices from GPU to GPU in applications such as stencil computations, which require array

boundary updates (cell exchange) between processes [63, 69, 84].

For the computational benefit of using the GPU to outweigh the cost of data transfer

into CPU main memory, these communication operations must be performed with minimal

overhead. The naive solutions of transferring point-by-point and transferring the entire non-

contiguous buffer to the CPU are unacceptable from a performance point-of-view, suffering

from unacceptably high latencies and wasted bandwidth, respectively. The transfer granularity

between the GPU and the CPU and over the network must be sufficiently coarse to fully

utilize the PCIe bus and network interconnect. To achieve this granularity when working with

noncontiguous data, it is necessary to pack the data into a contiguous buffer prior to transfer.

Effective implementations exist for packing noncontiguous data residing in CPU memory [81],

but there exists no generalized implementation of packing noncontiguous data residing within

GPU memory that takes advantage of GPU parallelism and memory bandwidth.

In this work, we present the design of an efficient, in-GPU noncontiguous datatype pro-

cessing system. We focus on NVIDIA’s CUDA interface, though techniques presented are

broadly applicable across accelerator hardware and programming models. Our approach de-

fines a datatype representation that exposes fine-grain parallelism and utilizes a GPU kernel

to leverage this parallelism to accelerate data movement. We demonstrate that our approach is

comparable or better at packaging noncontiguous data when compared with CUDA’s built-in

transfer routines, and has low overhead compared to hand-coded packing kernels. We demon-

strate an up-to 700% end-to-end latency improvement for performing large, noncontiguous

vector data communication. In addition, our system supports arbitrary datatypes for which, to

our knowledge, no equivalent exists. Finally, we evaluate the impact of resource contention for

GPU cores and access to the PCIe bus. To realize these design goals, we identify and address

three key challenges in enabling efficient processing of noncontiguous MPI datatypes in GPU

memory:

1. Datatype Representation in GPU Memory : High memory utilization on GPUs requires

highly regular, contiguous access patterns exploiting register memory and the small user-

controlled cache. Thus, as a first step towards building an efficient packing algorithm, we

develop a GPU-optimized serialized datatype representation for arbitrary MPI datatypes

in GPU memory, separated into a cacheable, constant-length parameter space, and a

variable-length parameter space.
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Figure 3.1: Array slice with a width of two elements, an MPI vector datatype CS encoding it,
and the slice’s subsequent packed form.

2. Parallel GPU Packing Kernel : An efficient datatype processing algorithm must take ad-

vantage of GPU hardware characteristics, such as a fine degree of parallelism and low

context-switch overhead. We identify a fine-grain, dependency-free parallel packing strat-

egy based on canonical datum identification and a traversal algorithm based on the pack-

ing strategy and datatype representation.

3. Packing in the Presence of Resource Contention: The scheduling policy of GPU kernels

and PCIe activity prevents resource sharing to the degree operating systems and CPUs

allow; a packing operation could starve in the presence of another resource-intensive ker-

nel. Different communication patterns may necessitate different packing strategies. We

identify algorithm patterns for which the packing operation interferes with application

performance and provide experimentation showing their effects.

This paper is organized as follows. In Section 3.2 we provide an overview of MPI datatypes

and their optimized processing in CPU memory, as well as necessary concepts in efficient GPU

algorithm design. Section 3.3.1 discusses the optimization of the datatype representation, while

Section 3.3.2 discusses the packing algorithm, given the GPU datatype representation. A de-

tailed evaluation of GPU datatype processing is given in Section 3.4. Finally, we review related

work in Section 3.7 and provide concluding remarks and discussion in Section 3.8.

3.2 Background

3.2.1 MPI Datatypes Specification

The Message Passing Interface (MPI) Standard [65] specifies the definition of datatypes, allow-

ing users to portably communicate noncontiguous data between processes with minimal effort,

increasing productivity while efficiently utilizing network resources. For instance, a noncon-

tiguous column vector can be defined using a simple vector type, as shown in Figure 3.1. In

this example, the datatype CS has a stride of five elements and a blocklength of two elements.
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// Specify layout of sender’s buffer, a vector of vectors,
// with base type of double.
// The vector function signature is:
// MPI Type vector(count, blocklength, stride,
// old type, new type).
MPI Datatype CSvec, CS;
MPI Type vector(4, 1, 2, MPI DOUBLE, &CSvec);
MPI Type vector(3, 2, 5, CSvec, &CS);
// commit the type description
MPI Type commit(&CS);
// perform communication, using intermediate packing
MPI Send(buffer, 1, CS, ...);

Figure 3.2: Defining and communicating a vector-of-vectors.

The stride encodes the distance between consecutive blocks while the blocklength encodes the

number of datatype children per block.

The most powerful aspect of the datatypes specification is support for composition, layering

datatypes to create complex selections of data within a simple and concise API. For instance,

the “elements” of CS could themselves be datatypes such as array subvolumes, and the packing

operation would pack, for each “element” of CS, the data specified by the datatype. As another

example of composition, Figure 3.2 shows a code snippet defining a vector-of-vectors, each with

a unique stride, that cannot be easily defined by a single datatype. Primitive datatypes, such as

integer and floating-point variables, form the basis for derived datatypes, such as MPI vectors,

which can be defined in terms of either primitive or other derived types.

The datatype encodings provided through MPI are driven by the data layout of the ap-

plication. For example, simulations utilizing arrays commonly use the vector or subarray

types for column vectors or subvolumes. This allows users to define subsets of their data to

communicate to other processes, rather than manually preparing the data for communication.

The most common datatypes used include a strided vector of blocks, a subarray defining an

n-dimensional subvolume, an indexed set of location-blocklength pairs with a homogenous un-

derlying datatype, and a struct consisting of location-blocklength-datatype tuples. A block

refers to a contiguous chunk of datatypes, and the blocklength refers to the number of “child”

datatypes that a block contains.

The definition of datatypes is used within MPI applications to provide a simple interface

for the communication of noncontiguous data to/from both disk and other compute elements.

However, initiating an I/O operation or a network transfer for each individual piece of data is
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expensive and poorly utilizes resources. To address this challenge, MPI implementations pack

the data into contiguous buffers prior to performing the network or I/O operation.

For noncontiguous datatype processing to be useful in large-scale applications, a simple

datatype representation must be provided that allows for fast traversal of the datatype. Datatype

traversal refers to processing the datatype, computing offsets in the input buffer for each prim-

itive defined by the datatypes. The specification of datatypes, while formally described as a

list of 〈type, displacement〉 pairs, can be encoded using a tree structure, where each node in

the tree represents a datatype. This structure, as well as necessary parent-child relationships, is

captured in the MPICH implementation of dataloops [81], which records type-specific parame-

ters and propagates information about datatypes necessary for a simple traversal. Specifically,

the information needed for a traversal is the extent and size of the child datatype, where the

extent is the distance between successive child data types and the size is the amount of data

encoded by the type, if stored contiguously.

Given an encoding of a noncontiguous datatype, MPICH traverses the datatype by repre-

senting the traversal as a buffer-filling operation. MPICH unrolls a depth-first search on the

tree structure and uses a concise stack-based representation of the traversal. Each stack element

represents type-specific parameters, such as how many vector blocks have been traversed. The

extent and size at each level of the tree are used to compute offsets from the raw data into the

contiguous buffer, and type-specific optimizations can be utilized to prevent revisiting nodes

more than necessary, such as substituting specialized memory copy functions for vector types.

3.2.2 GPU Architecture and Programming Model

Nvidia’s Compute Unified Device Architecture (CUDA) defines a programming abstraction for

general purpose computation on GPUs (GPGPUs) [71]. For this paper, we focus on CUDA and

Nvidia GPUs, though the concepts and algorithms can be easily applied to other libraries, such

as OpenCL.

CUDA presents the GPU as a CPU-driven coprocessor, where the CPU issues asynchronous

parallel kernels on the GPU. Kernel launches and memory copies between CPU memory and

separate GPU memory are performed across the PCIe bus, a high-latency, high-bandwidth

operation; and direct memory access (DMA) enables both kernel calls and memory operations

to be performed asynchronously.

GPUs have multiple streaming multiprocessors (SMs), each consisting of a multiple scalar

processors (SPs), giving hundreds of total available cores for computation at a given time. The

threading model provided is single instruction multiple thread, or SIMT, which executes a group

of threads (a warp, typically 32) in lockstep. SIMT, unlike SIMD (single instruction multiple

data), allows threads to diverge on branch instructions, where each branch is executed serially
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until a convergence point is reached. Threads are grouped in three-dimensional grids, or thread

blocks, where each block is statically allocated register and cache memory and scheduled on an

SM. Compared to CPU threads, GPU threads are extremely lightweight and far less powerful,

but make up for it in sheer parallelism potential and extremely low context switch overhead.

The main memory in GPUs are optimized for parallel access in large chunks (typically 128B)

that are coalesced by adjacent threads in a warp; if adjacent threads access adjacent memory,

the operations are combined into a single memory transaction. While the main memory is a

high-latency, high-bandwidth resource with a small L2 cache, each multiprocessor also contains

a fast but small user-controlled scratch cache, called shared memory.

Given these components, there are a number of optimization goals when devising GPU al-

gorithms. First, PCIe bus activity should be minimized, because of high latency and transfer

rates that pale in comparison to GPU hardware specifications. Second, memory access patterns

on the GPU should be regular and exhibit locality with respect to threads. Third, the shared

memory space should be used as much as possible to minimize main memory accesses. Addi-

tionally, GPU algorithms must exhibit fine grain parallelism so that the hardware can utilize

context switching to hide main memory access latency and stalls in the instruction pipeline.

3.2.3 GPU-GPU Communication in MPI Frameworks – MVAPICH

Recently, the MVAPICH team has utilized key developments in recent CUDA frameworks to

enable the transparent MPI communication of buffers in GPU memory [110]. Using CUDA

unified virtual addressing (UVA), they enable the communication of data in GPU memory

space through the existing MPI routines by checking address origin (GPU vs. CPU mem-

ory) at runtime. More recently, this functionality has been extended to two-dimensional vector

data by utilizing CUDA’s built in strided copy routines [109]. Currently, their methodology is

based solely on existing CUDA library functions (specifically, one-and-two-dimensional memory

copies) and thus cannot be extended to other datatypes; we provide a framework capable of

representing and packing arbitrary datatypes built on top of each other. Our methodology can

be integrated into their buffer-pool-based framework in a simple manner, however.

3.3 In-GPU Datatype Processing

The communication data flow driving our datatype processing is shown in Figure 3.3, using as

an example the CS datatype from Figure 3.1. Given a datatype definition, the data is packed

within GPU memory using a kernel, then transferred to CPU memory to be communicated.

In order to optimize this flow, we organize the datatype representation in GPU memory to be

efficiently accessed by GPU threads. Furthermore, we use a packing algorithm that fully utilizes
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Figure 3.3: Communication pattern necessitating GPU packing. Reversing the arrow directions
produces the pattern necessitating GPU unpacking.

GPU threading resources, so that each thread reads a noncontiguous element and places it into

contiguous space free of inter-thread dependencies. For illustrative purposes, we assume that

CS is composed of a second vector type CSvec, as shown in Figure 3.2. In other words, CSvec

is a child datatype of CS.

3.3.1 MPI Datatype Encoding in GPU Memory

As opposed to the dynamic tree structure that the MPI datatypes specification would imply,

GPU best practices suggest storing the type representation contiguously, preferably loading into

shared memory once upon kernel invocation. However, many datatypes have a variable-length

encoding, such as the indexed and struct types. This presents a problem because hundreds,

if not thousands, of threads may be resident on a single SM, and we cannot assume that

the available shared memory is sufficient to store the full type representation for types with

variable-length encoding.

Thus, we enforce a cache policy that all GPU threads can benefit from, caching only the

fixed-length parameter space of the datatype(s). To facilitate this, the datatype representation

is separated into fixed and variable length parameter spaces, using a serialization order corre-

sponding to a preorder traversal of the type tree. With variable-length datatype fields, such as

blocklengths and displacements for the indexed type, left aside, we observe that the remaining

type tree can be stored in shared memory, as each type otherwise requires a small amount

of fixed-length memory to encode. This separation creates a cacheable, fixed-length parameter

space and a variable-length parameter space, both residing in GPU memory. See Table 3.1 for

a listing of datatypes with their fixed and variable length parameters.

Figure 3.4 shows an example type tree of arbitrary types. As illustrated in the figure, the

type tree is traversed preorder, storing the fixed-length parameters contiguously. The variable-

length parameters are stored in a separate contiguous buffer, called the lookaside buffer. For
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Table 3.1: MPI datatypes and their fixed/variable length parameters. The “Common” row
contains parameters common to all datatypes in our implementation. The lookaside offset is
added to point to the variable type parameters upon serialization.

Type Fixed Variable

Common

count
size

extent
child primitives

contiguous

vector
stride

blocklength

subarray

dimension array sizes
lookaside offset subarray sizes

start offsets

indexed lookaside offset
blocklengths

displacements

indexedblock
blocklength

displacements
lookaside offset

struct lookaside offset
blocklengths

displacements
child types

each datatype with a variable-length parameter, a pointer to the lookaside buffer is included

into the type’s fixed-length parameters. We call this the lookaside offset. To control traversal

and remove the explicit encoding of primitives, a bitfield is used to specify the node type (leaf

vs. non-leaf), encoding the primitive type if the node is a leaf (e.g., integer, floating-point).

This bitfield is also included in the fixed-length parameter space.

Since the type tree is preorder-serialized, a top-down traversal to a single datum requires

no additional linkage information for nearly every type. The only exception is when there are

struct types with multiple derived datatype children, requiring additional pointers in the struct

variable-length parameters to differentiate where in memory the children types are.

For most derived datatypes, the encoding is quite simple. For example, the encoding for CS

is simply the fixed parameters in rows Common and vector in Table 3.1, followed by the same

parameters encoding CSvec. The resulting representation requires a small number of bytes of

storage. A single indexed type is equally simple, though different from an implementation point

of view. It has a similarly small fixed-length storage size, followed by a potentially large list of

blocklengths and displacements, requiring storage in GPU main memory.
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Figure 3.4: Example type tree in CPU memory, separated and serialized preorder into GPU
memory by its fixed-and-variable-length parameters. Branches in trees only appear for struct
types.

3.3.2 Parallel GPU Packing Kernel

There are technical challenges discouraging a straightforward “port” of current CPU-based

datatype processing algorithms to the GPU. In particular, CPU-side datatype processing im-

plementations are based on filling buffers from noncontiguous data in CPU memory, leaving a

possibility for the coarse-grain parallelism of filling multiple buffers. This runs contrary to best

practices on the GPU, where a finer grain of parallelism is critical to performance. Section 3.3.2

addresses the mismatch in parallel packing strategies, while Section 3.3.2 discusses the algorithm

itself, based on the parallel processing strategy and optimized datatype representation.

Parallelism via Point-Based Retrieval

Current MPI implementations are focused on efficiently traversing the datatype by size, that

is, filling up a fixed-size buffer to be sent over the network. When considering parallelizing the

process, such as for data residing on the GPU, current implementations can be parallelized in

terms of size. Given a number of buffers and a buffer size, each buffer can be filled in parallel

using the information encoded in the dataloops implementation. However, this will not map

well to the GPU, as efficient GPU computation necessitates a finer degree of parallelism.

To enable this finer degree of parallelism, we enrich the datatypes encoding with minimal

additional knowledge about child datatypes to produce a dependency-free parallel traversal. In

addition to caching the size and extent of child datatypes, the number of primitives can be

similarly cached, allowing for fine-grained parallelism on a per-primitive level. When defining

types (and thus building the type tree), the number of primitives encoded by a type gets

propagated upwards, so that the parent type (e.g., CS) records the number of primitives in each

instance of the child datatype (e.g., CSvec). Using this encoding, we can base the traversal solely
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on which primitive to fetch, requiring no additional information besides the type representation.

Without this encoding, the type representation can only define the location of a primitive with

respect to all previous primitives encoded by the type, which is undesirable for the level of

parallelism we are considering.

GPU Datatype Traversal Algorithm

The datatype representation on the GPU, combined with the parallel datatype traversal strat-

egy, yields a straightforward packing algorithm for noncontiguous GPU data with two favorable

properties: per-thread storage required, asides from the shared datatype representation, only

requires register memory, and there are no inter-thread dependencies and hence no communi-

cation or synchronization between threads.

The traversal algorithm assigns a single primitive datum to a thread based on the number of

primitives to be packed and traverses the type tree in a top-down fashion, using the datatype’s

extent, size, and number of child type primitives to update read and write offsets, After the

“leaf” derived datatype is encountered, the offsets point to the locations in memory of both

the element to pack and where to place it. Algorithm 1 shows the general process. In Line 12,

we can change packing to unpacking by merely switching the direction of the read/write. In

Line 17, pointer-jumping is only necessary for struct types with multiple derived children;

see Section 3.3.1. One particular aspect to note is that adjacent threads are assigned adjacent

primitives defined by the datatype, so locality between adjacent primitives enables coalesced

memory operations on them. Furthermore, on the most common MPI datatypes (vector, sub-

array, blockindexed), threads experience no branch divergence due to a single code path.

The functions inc read and inc write are type-dependent. Thankfully, they are simple to

compute for the contiguous, vector, subarray, and blockindexed types, as they have a very

regular structure. All but the subarray type have an O(1) complexity, and the subarray type

has an O(d) complexity, where d is the number of dimensions. The inc read and inc write

functions for the vector type computation are shown together in Algorithm 2. The general

strategy is to compute the block that the primitive resides in, update the offsets appropriately,

then “recurse” on the child type.

For the composite types CS and CSvec, Procedure 3 shows the execution trace of a single

thread traversing to its corresponding primitive. One thread is launched for each of the four

primitives in the datatype. Note that the execution trace for this type is the same across all

threads launched.

For the datatypes with variable-length parameters, such as indexed, the process is more

nuanced. To avoid performing a per-thread linear scan of of the blocklengths, preprocessing is

performed to allow a logarithmic-time binary search. A prefix-sum is performed on the indexed
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Algorithm 1: Point-based traversal and packing of arbitrary datatype. Refer to Table 3.1
for fields of the variable type.

input : user buffer: buffer with data to pack
input : type: serialized datatype, starting at root
input : ID: element to pack, in canonical order
output : pack buffer: packed buffer

1 // in, out: location in user/packed buffer, respectively
2 in ← 0, out ← 0
3 Load type fixed-length parameters into cache
4 while true do
5 // increment buffer offsets based on datatype
6 in ← in + inc read(ID, type)
7 out ← out + inc write(ID, type)
8 // compute element ID w.r.t. child type
9 ID ← ID % type.elements

10 if type is leaf then
11 // finished processing datatypes, perform r/w
12 pack buffer [out] ← user buffer [in]
13 break

14 else
15 // process child type; for non-struct,
16 // translates to type +=sizeof( type)
17 type ← type.child

type’s list of blocklengths as a preprocessing step. Then, given a count of n and a list of prefix-

summed blocklengths b0, b1, . . . , bn, the terminating condition for thread (primitive) i in the

binary search is

bh ≤ i/e < bh+1 (3.1)

where 0 ≤ h < n and e are the number of elements in the child datatype. The additional bn

term is needed to check the condition at h = n− 1.

There is one optimization in particular that we apply to dramatically improve the packing

operation. This optimization makes use of the observation that all writes are performed into a

contiguous buffer and are thus highly coalesced by adjacent GPU threads. Given this insight,

we enable zero-copy memory transactions on the GPU. Instead of packing the data into GPU

main memory, then performing a bulk copy on the packed buffer, current-generation GPUs can

utilize memory-mapping of CPU memory into the GPU’s memory space. Then, the streaming

multiprocessors can, in effect, write directly across the PCIe bus into CPU main memory. Since

threads write exactly once and at the end of their traversal, memory mapping is a perfect

opportunity to obtain additional performance for minimal effort, by avoiding the GPU main
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Algorithm 2: Read/write offset computation for the vector type. Refer to the Common
and vector rows of Table 3.1 for the fields stored in a vector type.

input : type: vector datatype
input : ID: primitive to pack, in canonical order
output: in inc, out inc: read/write offset increments

1 // offset w.r.t. child datatypes
2 count offset ← ID / type.elements
3 // offset w.r.t. vector blocks
4 block offset ← count offset / type.blocklength
5 // for each block, advance by stride bytes
6 // for each child datatype in block, advance by extent
7 in inc ← block offset ∗ type.stride + type.extent * (count offset % type.blocklength)
8 // for each child datatype, advance by child size
9 out inc ← count offset ∗ type.size

10 return in inc, out inc

memory and implicitly pipelining the computational and PCIe loads.

3.3.3 Packing in the Presence of Resource Contention

The methodology for packing was discussed with an underlying assumption of availability of

resources and without consideration of scenarios where packing could actually be detrimental to

overall performance. For instance, what if a user initiates a send for data residing on the GPU

while a fully occupant kernel is running? In the worst case, the scheduling policy of current

GPUs, which schedules blocks to run to completion and only allows for architectural reasons a

single kernel to be run on each multiprocessor, can easily lead to starvation of a packing kernel.

This, in turn, can lead to unacceptably high wait times.

There are a number of communication patterns which could introduce resource contention,

centered around concurrently performing communication and other operations. Contention can

occur on the computational level, when the communication is performed asynchronously to

enable computational overlap. Thus, the packing operation would coincide with that computa-

tion. Furthermore, PCIe transfers could be occurring while a communication operation is being

performed, such as in CPU-moderated algorithms that follow an iterative setup-compute-collect

model. Thus, both PCIe directions could coincide with the packing operation and transfer of

results. A combination of these can also occur, such as when multiple users or MPI processes

are accessing the same underlying hardware. Communication patterns utilizing global synchro-

nization, such as in stencil codes, will not run into resource contention, however.

With resource contention, the best case occurs when we are working with types such as
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Procedure 3: Execution trace of vector-of-vectors traversal for a single thread.

input : user buffer: buffer to pack
input : ID: thread/datum ID
output : pack buffer: packed buffer

1 in ← out ← 0
2 Coordinated load of CS, CSvec into shared memory
3 type ← CS
4 Increment in, out using Alg. 2, with ID, type
5 ID ← ID % type.elements
6 Is type a leaf type? (no)
7 Increment type pointer by sizeof (vector type)
8 // type ← CSvec
9 Increment in, out using Alg. 2, with ID, type

10 ID ← ID % type.elements
11 Is type a leaf type? (yes)
12 pack buffer [out] ← user buffer [in]

vector or two- or three-dimensional subarray. CUDA and OpenCL allow for the transfer

of regularly strided two- and-three-dimensional subarrays, in addition to contiguous buffers,

avoiding multiprocessor usage. While useful for the common case of array processing on the

GPU, it is nevertheless a special case that cannot be relied on for all applications.

When the datatype is nontrivial and there is resource contention preventing a packing

kernel from being run, there are a number of methods that can be used to get the data onto

the CPU. The two simplest ones are transferring by extent and transferring point-by-point.

Both of these, of course, are highly inefficient. Transferring the entire extent of a datatype,

except in cases where the extent and size are approximately equal, wastes bandwidth and still

requires packing on the CPU end. Transferring point-by-point suffers from the high latency

of initiating copies from the CPU. Both have the potential for interfering with user kernels

that rely on host-device transfers. A more intelligent method would involve a hybrid of the

two, transferring sections with a low extent-to-size ratio in bulk and transferring point-by-

point otherwise. However, such a method would need more complex processing and memory

management on the CPU-side and would still have the problems of both methods, albeit reduced

in severity. For some types, CUDA and OpenCL allow for the transfer of regularly-strided

two-and-three-dimensional subarrays. While this is very useful for the common case of array

processing on the GPU, it is nevertheless a special case which cannot be relied on for all

applications. Another option is to devote a persistent kernel for use by MPI operations and

utilize signaling and polling to initiate packing, similar to Stuart et al.’s implementation of

message-passing on many-core processors [97]. However, since we show latency costs to be
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extremely important when performing the packing operation and their method produced an

increase in these costs, we do not consider this approach (see Sections 3.4.2 and 3.4.3).

Unfortunately, there is currently no way within the CUDA or OpenCL interfaces to query

the level of resource utilization on the GPU, complicating the act of choosing a globally efficient

strategy (kernel versus memory-copies) without having application-specific knowledge. Since the

overarching goal of this research is to provide transparent GPU data management from within

MPI, solutions such as hijacking user kernel calls to collect statistics and infer utilization are,

while interesting problems, not addressed by this paper.

3.4 Evaluation - Microbenchmarks

We evaluate our datatypes processing methodology using microbenchmarks of packing perfor-

mance on numerous MPI datatypes, comparing against appropriate CUDA alternatives as well

as optimized type-specific packing kernels. We additionally break down the costs of our packing

algorithm, including PCIe and memory operations to and from the input buffer, and give the

full context improvement in GPU-to-GPU communication by implementing a ping-pong test

on noncontiguous data. Finally, we examine the effects of GPU resource contention on packing

and memory copy operations by modifying the issuing order of packing and other operations.

For all tests, we used a Nvidia C2050 GPU with version 4.1 of CUDA, connected to an AMD

Opteron 6128 at 800MHz. For the communication benchmarks, we used two such nodes, con-

nected by QDR Infiniband, and MVPICH version 1.8. We pin CPU memory used in transfers

to enable DMA and enable zero-copy for all datatypes but the struct type during packing. For

the communication benchmarks, we use two such nodes, connected by QDR Infiniband.

3.4.1 Test Datatypes

To measure the kernel overhead against “bare metal” DMA and provide an upper bound on

packing performance, we perform a baseline comparison against the contiguous datatype,

which can be satisfied with a single memory copy call (cudaMemcpy).

To benchmark two-and-three dimensional subarrays such as column vectors, we use a vec-

tor type, against the CUDA alternative of cudaMemcpy2D. We fix the stride between blocks

to 512 bytes, which enables maximum performance of the CUDA operation; unaligned arrays

greatly hamper CUDA’s performance in this regard. Furthermore, we vary the blocklength to

experiment the performance implications of block width. For example, if we wanted to transfer

the rightmost two columns of a two-dimensional matrix, we would set the blocklength to two

doubles, or 16 bytes.

To benchmark array types outside the scope of vector representation, we use a four-
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dimensional subvolume encoded as a subarray type, compared against iterative calls to cudaMemcpy3D.

We fix the containing volume to be 64 × 64 × 64 × 64 and pack/transfer an four-dimensional

hypercube of increasing size.

To benchmark an indexed type, for simplicity, we use the same data format as in our

test vector type, meaning a constant blocklength and a regular displacement pattern. Other

datatypes would be used in practice and be much more efficient, but this benchmark is a

reasonable indicator of indexed performance; varying blocklengths would cause less divergence

than the uniform blocklength, and a regular displacement allows us to control coalescence in a

fine-grain manner. For comparison, we transfer the data block-by-block using cudaMemcpy.

To show the effect of the indexed type’s binary search implementation on performance, we

additionally evaluate the indexedblock type (abbreviated as idxblock in the experiments),

which is similar to the indexed type but has a uniform blocklength, rendering the need to

perform a binary search unnecessary. Once again, for simplicity, we use the same data format

as the indexed and vector types. For comparison, we transfer the data block-by-block using

cudaMemcpy.

Finally, we use a struct type to test the effect of thread divergence on writing. We use a

simple C-style struct consisting of an 8-byte double, two 4-byte ints, and a character, which

amounts to 24 bytes with padding. For comparison we copy the extent of each struct using

cudaMemcpy. Furthermore, we disable the use of zero-copy for this type, as the uncoalesced

write pattern induced by thread divergence leads to the issuance of a PCIe transaction for each

struct member, causing significant performance regression.

3.4.2 Noncontiguous Packing Performance

For each datatype presented in Section 3.4.1, we evaluate the general performance of packing

from GPU memory into CPU memory, with respect to the size of the packed buffer. Figures 3.5

shows these experiments, comparing against their respective CUDA alternatives. Furthermore,

we compare against hand-coded packing routines to test the overhead of our generic packing

methodology, shown in Figure 3.6.

A number of interesting trends can be observed for the different datatypes. First, since there

is a relatively large gap between the command latency and peak throughput, transfers on the

lower KB level are latency-bound, and thus very small absolute differences are seen between

the CUDA API calls and the packing kernel. Given the current architecture of discrete GPUs,

little can be done to improve these results. Emerging architectures that combine CPU and GPU

functionality, such as AMD’s Fusion [7], show promise in bridging this performance gap in the

future. Furthermore, the latency of issuing kernels is slightly larger than that of issuing memory

copies, due to. Thus, the performance of kernel-based packing is adversely affected for smaller

43



 1

 10

 100

 1000

 10000

64 256 1K 4K 16K 64K256K 1M 4M

T
im

e
 (

M
ic

ro
s
e

c
o
n

d
s
)

Packed Buffer Size (Bytes)

CUDA Transfers Time

contig
vector-8

vector-128
subarray

 1

 10

 100

 1000

 10000

64 256 1K 4K 16K 64K256K1M 4M

T
im

e
 (

M
ic

ro
s
e

c
o
n

d
s
)

Packed Buffer Size (Bytes)

CUDA Transfers Time

idxblock-8
indexed-8

idxblock-128
indexed-128

struct

 0

 0.2

 0.4

 0.6

 0.8

 1

 1.2

 1.4

 1.6

64 256 1K 4K 16K 64K 256K 1M 4M

N
o
rm

a
liz

e
d

 T
im

e

Packed Buffer Size (Bytes)

Packing Kernel Time Relative to CUDA Transfers

contig
vector-8

vector-128
subarray

 0

 0.2

 0.4

 0.6

 0.8

 1

 1.2

 1.4

 1.6

 1.8

64 256 1K 4K 16K 64K256K 1M 4M

N
o
rm

a
liz

e
d

 T
im

e

Packed Buffer Size (Bytes)

Packing Kernel Time Relative to CUDA Transfers

idxblock-8
indexed-8

idxblock-128
indexed-128

struct

Figure 3.5: Baseline packing time for several MPI datatypes using the CUDA API, and relative
performance of packing against CUDA.
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Figure 3.6: Hand coded packing kernel times and relative generalized pack performance.
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input sizes, performing worse than the alternative CUDA-based methods (though only on the

order of microseconds).

Second, the packing kernel is clearly preferable for types that do not have a CUDA equivalent

(e.g. cudaMemcpy2D), because of the latency in initiating each blockwise memory copy. Blockwise

memory copies, such as for the indexed and indexedblock types, could compete with the

packing kernel only for extremely large block sizes.

For the types that do have a CUDA-equivalent, the results are more nuanced. Aside from

latency considerations which affect both methods, performance is largely a function of the

data layout: for two-dimensional memory copies, each block must be wide enough to saturate

the bus for best performance. For single columns corresponding to a blocklength of 8 bytes,

the two-dimensional memory copy performs very poorly, while the packing kernel performs

approximately 20 times faster. For a larger number of contiguous columns (16 doubles per

stride in Figure 3.5), the memory copy outperforms the packing kernel in all cases, especially

for small and medium-sized inputs, because of the additional kernel latency. For larger-sized

inputs, both the copy and the packing kernel approach the bandwidth limit, so the relative

performance difference begins to converge.

The four-dimensional subarray type, despite being reasonably mapped to the CUDA API,

nevertheless sees major performance improvements when moving to a kernelized packing op-

eration. Since the three-dimensional memory copies must be made iteratively to transfer the

entire type, the latency is aggregated through the copies and hurts overall performance.

Compared with type-specific implementations, the generic packing algorithm performs well,

with little discernible difference in performance. The differences in normalized performance

between the type-specific and generic algorithms are due to the overhead of loading the type

representation and instruction overhead from supporting arbitrary type representations. This

overhead, however, amounts to between about two and five microseconds for most inputs. The

differences in the struct implementations are a result of hard-coding the relative location of

each struct primitive, benefiting from compiler optimization and greatly simplified traversal

logic.

The vector type is one of the more widely used MPI datatypes, and different parame-

terizations lead to significantly different performance, so the performance gap in the different

vectors in Figure 3.5 needs to be further explored. Figure 3.7 fixes the number of blocks in

the vector and compares the completion times of the packing kernel and the two-dimensional

memory copy, varying by the blocklength. As seen in the figure, the performance of CUDA is

highly dependent on the blocklength. Blocklengths that are multiples of 32 bytes perform best,

but all others experience significant performance regression. Similar performance characteristics

are seen when varying the stride parameter, though this is not shown in the paper. Note that

an intelligent MPI datatype processing implementation can easily check for these cases, given
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Figure 3.7: vector pack performance vs. cudaMemcpy2D, with varying blocklengths.

information about the type and hardware configuration.

For three-dimensional arrays in particular, a single vector type can be used to send each

face of the array: the fully contiguous X-Y face, the contiguous-per-row X-Z face, and the

noncontiguous Y-Z face. Together, these operations represent the communication step of a

variety of stencil codes, meaning that performance differences from the transfers would be

similarly seen within an application context. Table 3.2 shows the transfer rate of each face

for different array sizes, using the packing kernel and CUDA’s two-dimensional memory copy.

The results largely agree with those previously presented; contiguous chunks of data are more

effectively transferred using built-in CUDA copies (though there is only an approximately 10-

15% difference), while packing is dramatically better for getting non-contiguous data. Note that

the CUDA memory copy seems to degrade in performance for the X-Z plane transfer in the

512× 512× 512 case. We cannot currently explain this behavior.

3.4.3 Noncontiguous Packing Performance by Component

The performance metrics in Section 3.4.2 give a good overview of the relative performance of

the different types, but some information is still missing. For instance, what are the costs of

PCIe transfers? What is the effect of memory layout on the overall performance? To answer

these questions, Figure 3.8 shows the performance under three contexts: the full context as

presented in Section 3.4.2, the completion time of packing into GPU memory (avoiding PCIe

transfers), and the datatype traversal time. Note that the packing operations for small-sized

messages are latency bound, meaning the issuing of the packing kernel is the dominant cost.

For medium and large-sized messages, the efficiency of the traversal operation is largely

dependent on the complexity of the type used. For instance, the vector and contiguous types,

when only traversing the type, complete quickly due to the simplicity of the traversal logic.

The subarray type, however, suffers in performance due to the additional logic and integer
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Figure 3.8: Packing time, by component. “Comp” refers to traversing the type, computing
input/output offsets. “Mem” refers to performing the read/write operation at the end of the
traversal operation. “Xfer” refers to sending the packed data across the PCIe bus.
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Table 3.2: Transfer of face of three dimensional matrix of double-precision values to CPU,
versus cudaMemcpy2D. X-Y: fully contiguous. X-Z: z sets of x contiguous doubles. Y-Z: fully
non-contiguous.

Throughput
(MB/s)

Size Face Pack CUDA

64× 64× 64
X-Y 923 1062
X-Z 937 1097
Y-Z 865 186

128× 128× 128
X-Y 2573 2854
X-Z 2554 2868
Y-Z 2131 209

256× 256× 256
X-Y 4567 4842
X-Z 4553 4845
Y-Z 3728 216

512× 512× 512
X-Y 5790 5841
X-Z 5792 1645
Y-Z 4816 218

computation compared to types such as vector necessary to represent and pack a subarray of

arbitrary dimension. However, for cases such as a four-dimensional subvolume, multiple vec-

tors would have to be used, which would reduce performance, so one cannot merely replace

the types and get higher performance.

For types with variable-length parameters, such as indexed, the problem becomes memory-

bound with respect to the input type, and thus sees lesser performance on the traversal. The

indexed type, performing a binary search, still must pay the penalty of accessing GPU main

memory for every point retrieved, which is a high-overhead operation. Some aspects, such as

coalescence between adjacent threads in the search, help reduce the severity, but the cost re-

gardless is high enough to reduce the performance substantially. Note that the worst case for

indexed occurs when there is a large set of approximately uniform blocklengths. Not only does

this increase the size of the variable length parameter space for the type, but it also maximizes

branch divergence and non-locality in the search. Similar trends are seen in the struct type,

though to a higher degree due to an even higher reliance on the variable length parameters to

perform the point retrieval; each block can be a separate datatype (see Table 3.1). The cost

of performing the binary search for these types can be seen by comparing the indexed and

indexedblock types. Specifically, the binary search implementation of indexed type traver-

sal causes significant overhead, though for packed buffer sizes less than 64 KB, the absolute

overhead is no more than 9 microseconds.

The impact of the read/write stage of packing on performance is determined by the data
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layout and whether the type has variable-length parameters. The best example is shown in the

indexed and vector types. With a small blocklength and thus high noncontiguity, reading the

values is the bottleneck of the datatype processing. With a large blocklength and thus a higher

degree of contiguity, the reading is an efficient process because of the much higher degree of

coalescence. If the type has variable-length parameters, then the traversal is the primary cost;

but significant overhead can still be seen when packing highly noncontiguous data, such as with

the indexed type with 8-byte blocks.

Adding the PCIe bus activity into the packing adds overhead and ultimately bottlenecks

the faster packing operations for larger buffer sizes. Zero-copy keeps the overhead small for

medium-sized buffers. As mentioned in Section 3.4.1, zero-copy is not used in the struct type,

causing a higher relative performance degradation than seen in the other types due to the

serialization of the packing and PCIe operations.

3.4.4 Full Evaluation: GPU-to-GPU Communication

Now that the performance of packing on various datatypes has been studied, we consider it

within the context of MPI point-to-point communication. Because of the extremely inefficient

performance of CUDA-based methods on irregular data (e.g., indexed, struct), for this bench-

mark we only consider the packing of a vector type of varying blocklength; an MPI Send where

data is packed at the rate of 4 MB per second will obviously not perform well. Furthermore, we

do not consider the use of GPUDirect for our method, a kernel patch provided by Nvidia that

allows both Infiniband and CUDA to pin the same block of memory (it is used by MVPICH,

however). This will be the focus of further research and evaluation, though the integration of it

will equally benefit the packing algorithm and CUDA alternatives. Figure 3.9 shows the com-

pletion time of a GPU-to-GPU ping-pong benchmark. The sender packs the vector data from

GPU memory into contiguous CPU memory, immediately followed by a send operation, while

the receiver receives and unpacks the vector into GPU memory. This process is then repeated

back to the original sender.

The efficiency of the communication is dependent, as expected, on the data layout. A small

blocklength and large buffer size, which favors the packing operation, causes a large relative

performance increase compared with using the two-dimensional memory copy. A larger block-

length causes the memory copy to be largely equivalent to the packing operation. For small

message sizes, GPU-to-CPU latency is the primary cost, which in this benchmark is felt four

times over. Network latency, by comparison, was much lower. For medium to large-sized mes-

sages, the measured network bandwidth of 2.0 GB/s formed the bottleneck, which is much lower

than the packing and memory copy throughput.

Compared to MVAPICH, our packing methodology performs roughly equivalently for small-
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Figure 3.9: GPU-to-GPU ping-pong test, on the vector type with 8, 32, and 128 byte blocks,
against cudaMemcpy2D. The vector stride is aligned to maximize CUDA performance.

and medium-sized buffers, and begins to outperform MVAPICH’s vector communication algo-

rithm for large-sized buffers. MVAPICH uses an optimized communication routine for vectors,

performing a two-dimensional memory into GPU memory, then transferring the now-contiguous

data to the CPU. While this avoids poor PCIe utilization from narrow vector blocklengths as

seen from two-dimensional copying directly to the CPU, the approach is more memory intensive,

using two sets of memory operations. Furthermore, no overlapping of PCIe and packing activity

is performed. Through our use of zero-copy, both of these problems are overcome. The latency

in MVAPICH’s two memory copies is roughly equivalent to kernel launch and execution over-

head, explaining the equivalence in communication performance for small- and medium-sized

buffers.

3.4.5 Resource Contention Effects on Packing

To induce the contention scenarios discussed in Section 3.3.3, we use a few simple operations

to stress the resource in question. We call these the application (app) operations. For both

directions of PCIe activity, we merely issue a memory copy. For SM contention, we utilize a

vector add operation. The reason we do this is to tie it closely to a packing operation (using

the vector type), with packing time similar to the application operation time.

To form a baseline for comparison, we time each operation in isolation. To measure con-

tention effects on the pack/copy operation, we initiate the application operation, then initiate

and time the noncontiguous pack/copy. To measure contention effects on the application op-

eration, we initiate the pack/copy operation, then initiate and time the application operation.

Regardless of the operation, we measure the amount of time it takes to finish both, in order to

see the degree of overlap occurring in the operations.

The parameter space for an experiment of this variety is enormous, so we have chosen an

exemplar that is representative of the trends as a whole, and has processing times that are

reasonably close for every operation. For each of the following experiments, we used a vector of
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Table 3.3: User workloads in contention with the pack kernel and CUDA API calls, using the
vector type, in milliseconds. The Workload column shows the order in which the operations are
initiated, while the Proc. column shows the time between initialization of the packing/CUDA
operation and its completion. Section 3.4.5 discusses the parameters.

SM PCIe (CPU→GPU) PCIe (GPU→CPU)

Workload Order User Proc. Total User Proc. Total User Proc. Total

Serialized (Pack)
1.00

2.55 3.55
3.34

2.55 5.89
2.56

2.55 5.11
Serialized (CUDA) 2.96 3.96 2.97 6.31 2.97 5.53

User→Pack - 3.52 3.55 - 3.65 4.08 - 3.18 5.09

User→CUDA - 3.00 3.03 - 3.66 4.06 - 5.53 5.54

Pack→User 3.53 - 3.56 4.08 - 4.11 5.08 - 5.11

CUDA→User 1.03 - 3.00 4.05 - 4.07 5.53 - 5.53

total size 16 MB, and defined the vector datatype to have a count of 262,144, a blocklength of

8, and a stride of 64 bytes. Rather than choosing more realistic parameter sets (these cover the

entire buffer), we chose these values to best show the effects of resource contention due to each

operation having a similar run time. In the case of GPU contention, we show that operation

scheduling plays an integral role in creating contention among various operations, so we expect

similar results for other datatypes and operations, though on a different scale.

Table 3.3 shows these exemplars. For the SM experiment, the order of initiation is critically

important. When using the packing kernel, either operation, when initiated after the other, gets

starved out, only starting when there are available SMs. The two-dimensional memory copy,

avoiding the SMs entirely, does not suffer this problem, and sees no degradation in performance.

In other words, the Direct Memory Access (DMA) engine handles the copy operation, leaving

the GPU’s SMs untouched.

For the PCIe experiment from GPU to CPU, both the application operation and the

pack/memory copies suffer, as both must use the same lane of the bridge. However, a very

interesting finding can be seen in the app-then-pack case. Since the packing operation utilizes

zero-copy for all but the struct type (e.g. memory mapping GPU memory into CPU memory),

we notice that the scheduling mechanism seems to treat the SM-issued bus transactions more

favorably. Using CUDA memory copies instead of the pack does not overlap at all with the

application memory copy and vice versa, since the transfers are completely serialized on the

CPU end (regardless of using different CUDA streams).

For the CPU to GPU PCIe experiment, while we would expect an insignificant degree of

contention due to the operations using different PCIe lanes (PCIe is full duplex), we actually see

some degradation in the time taken, though the totals for issuing both concurrently are much

less than that for the completely serial case. We unfortunately cannot explain this behavior

with absolute certainty, but we hypothesize it to be an artifact of the scheduler, or a small

degree of contention with respect to transferring kernel parameters.
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struct vblock t {
int num verts, num cells;
int num cell verts, num complete cells;
int num cell faces, num face verts;
int num orig particles;
float mins[3], maxs[3];
float *vertices, *sites;
float *areas, *vols;
int *cells, *face verts;
int *num cell faces, *num face verts;

};

Figure 3.10: Parallel Voronoi tesselation data structure for HACC.

More complex contention scenarios, such as mixed PCIe/SM loads and multiple users, are

not shown because of the countless possibilities they entail, though we can make a few observa-

tions. For algorithm patterns that interleave PCIe transfers and kernels, there is more flexibility

for the scheduler to insert other operations between them. Therefore, the starvation would not

be as strict as that occurring in some of the cases in Table 3.3. Perhaps, in future GPU archi-

tectures, advanced schedulers would be able to enable resource sharing on a finer grain level,

increasing the fairness with respect to performance of multiple application contexts hitting on

the same hardware.

3.5 Evaluation - Distributed Voronoi Tessellation for HACC

The next application benchmark is taken from the analysis of cosmological simulations. The

HACC [79] cosmology code is a framework for N-body particle simulations of dark matter

tracer particles. Some analysis tasks such as identifying cosmological voids are enabled by the

conversion of raw particle data to a Voronoi tessellation, which converts a point cloud to a

polyhedral mesh. When executed in a spatially-decomposed data-parallel manner, each MPI

process computes the data structure shown in Figure 3.10.

The structure contains a combination of integer and floating point scalars and vectors, and

pointers that need to be followed to access the actual data members. Each process contains a

different number of particles, hence different lengths of buffers that need to be fetched. When

writing and reading results from parallel storage using MPI-IO, the above data are accessed

using a single custom MPI data type by each MPI process. Traversing the data type is a set of

contiguous pieces combined in a noncontiguous fashion.

To assess the performance of packing this datatype, we first logged the memory accesses of
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Table 3.4: Packing times in milliseconds for 8 MPI ranks. CPU Pack : reference packing time
of data resident in CPU RAM. Copy-only : GPU-to-CPU packing time using memory copies for
each GPU buffer. Kernel : GPU-to-CPU packing time using the packing kernel.

Rank CPU Pack Copy-only Kernel

0 0.96 0.43 0.35

1 0.40 0.25 0.16

2 1.68 0.65 0.57

3 1.53 0.61 0.53

4 0.92 0.42 0.34

5 0.26 0.19 0.11

6 0.83 0.39 0.31

7 0.55 0.29 0.20

the CPU packing done by MPI for a test run of 32,768 dark matter tracer particles converted

to a Voronoi mesh using eight MPI processes. Each process produced a trace that logged the

base type, quantity, and starting address associated with fetching each structure member.

We then regenerated the identical memory access pattern in our benchmark and compared

the performance of three versions of data type packing. Table 3.4 shows those results. “CPU

Pack” is the time to pack the original MPI data type using the CPU only. The “Copy-only”

column is the time to manually pack a single buffer using a sequence of GPU-to-CPU copies,

one for each struct field solely using cudaMemcpy. The “Kernel” column is our GPU packing

kernel version. Our results show a 13-43% reduction in time-to-CPU by using packing, with a

median reduction of 20.8%. We attribute this to the reduced latency costs in issuing a single

kernel versus multiple copies.

3.6 Evaluation - APLOD in GPU Memory

Finally, we evaluate our methodology on APLOD processing in GPU memory, compared against

a hand-coded methodology. Recall that the APLOD transforms can be performed implicitly us-

ing datatypes (see Figure 2.3). Specifically, a struct of varied-width vectors can be used, with

widths corresponding to CV values. Figure 3.11 shows the performance of packing (correspond-

ing to shuffling) and unpacking (corresponding to reconstructing), including intermediate PCIe

transfers. As it can be seen, the hand-coded method is much more efficient than the generic

packing methodology. We attribute this to the order of processing implied by our packing com-

pared to the order used by the hand-coded method. In the generic packing method, adjacent

threads process adjacent elements on a per-vector basis, incurring per-warp strided reads. How-

ever, the hand-coded method is optimized to read the buffer into memory first then iteratively
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Figure 3.11: APLOD full precision GPU-to-CPU shuffle and CPU-to-GPU reconstruction per-
formance.

write out contiguous components on a per-warp level. Hence, the hand-coded method is far

more efficient by taking advantage of the APLOD semantics, whereas the datatypes method

does not have this information.

3.7 Related Work

There have been a number of efforts to integrate GPU functionality into an HPC environment,

with modifications at the application, programming model, and library levels to account for a

discrete GPU main memory space.

At the application level, algorithms that use both MPI and GPUs, such as Jacobsen et

al.’s flow computation algorithm [38], are modified to allow efficient GPU computation, such

as changing the problem space partitioning to benefit GPU access patterns. However, since no

library support is enabled, the algorithms end up losing efficiency on the handling of memory

as well as the amount of programming effort. Furthermore, MPI datatypes differ from these

specialized data structures in that the datatypes efficiently encode a subset of the data structures

used, for use in communication and I/O routines.

At the programming model level, Gelado et al. created the Asymmetric Distributed Shared

Memory model (ADSM) to provide a single GPU address spaces across a cluster [26]. From the

CPU standpoint, all GPU memory is in a single address space, but GPUs are only aware of
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their resident memory space. Their consistency model is designed for and allows operating and

processing on the shared address space in contiguous chunks with memory coherence, and would

have to become much more complex to enable the transfer and consistency of noncontiguous

data or partial data within a contiguous buffer. Since our method is based on the message

passing model with no consistency enforcements, our work does not apply here, though an

interesting problem could be the combination of ADSM with noncontiguous datatypes.

Zippy [22] combines the message passing and shared-memory models (based on Global

Arrays) and provides a single address space for all GPUs in the cluster, using MPI as its

backend. Zippy works specifically on array-based data, as compared to our aims of supporting a

generalized data representation. Since their dimensionality support extends beyond the two-and-

three dimensional arrays representable by CUDA, our work is applicable to both representing an

area that needs to be transferred (such as noncontiguous array boundaries) and to subsequently

packaging that data efficiently.

At the library level, Distributed Computing for GPU Networks (DCGN) [97] extends MPI

and partially implements the standard with a highly threaded design, utilizing signaling/polling

mechanisms to allow for GPU-sourced communication. It also uses existing MPI libraries as a

backend, meaning our work can directly benefit theirs. Unfortunately, given the current ar-

chitectural constraints, the signaling and polling operations are cycle-consuming and lead to

high latencies in GPU-sourced communication routines. This likely means that, while future

architectures will allow for efficient GPU-sourced communication, the model used in today’s

applications will be a CPU “push-pull” model, that is, the CPU initiates the communication

routine and invokes the memory management operations on the GPU.

Similarly, cudaMPI works on top of MPI, focusing on performance implications of different

memory types, such as pinned vs. not pinned [55]. Specifically, they focus on the application

of the latency/bandwidth performance model, which comes into play when doing anything

GPU-related, which tends toward high-latency, high-bandwidth operations. Additionally, they

briefly discuss noncontiguous memory transfer onto the CPU, but only as an application-specific

column-vector transfer, and do not take into consideration MPI datatypes in general. Similar

to our method, they issue a kernel to pack this data. Our work thus directly applies to their

framework.

3.8 Concluding Remarks

Since GPUs are expected to continue evolving to be capable of more general purpose computa-

tions, it is extremely important to integrate them into widely used libraries in the HPC com-

munity, such as MPI. We have presented one important aspect towards this end, the processing

of arbitrary, non-contiguous datatypes describing data residing in GPU memory. In particular,
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we found that kernelizing the packing operation leads to huge performance improvements in

datatypes that describe two non-exclusive data layouts: highly non-contiguous data, and ir-

regularly located data. These cases are particularly important for future applications because

there is a large degree of research into new ways of using GPU hardware to perform complex

operations. With these complex operations come more complex communication patterns. Re-

laxing the data layout requirements necessary for quickly getting the data from the GPU to the

CPU and across nodes is helpful from an optimization standpoint: algorithms could have local

access patterns that differ from global communication patterns, and if there is efficient packing

available, applications could focus more towards optimizing the local patterns.

Overall, we view our method as complementary towards the goal of full, robust integration

of GPU technology into high-performance data movement frameworks such as MPI, as well as a

baseline for future MPI library implementations. A complete solution to GPU data movement

within MPI would not only minimize internal memory copies and fully utilize current/future

versions of GPUDirect (such as in the work for MVAPICH), but also be able to flexibly deter-

mine the best methodology for transferring the data, especially noncontiguous data.

Determining how to transfer noncontiguous data in an “optimal” way would take into ac-

count the degree of noncontiguity of the data, dynamic replacement of the generic packing

algorithm with type-specific kernels or CUDA alternatives when a performance gain could be

realized, while taking into account competing operations for limited GPU resources. While

determining the degree of resource contention would require additional support within the

CUDA/OpenCL runtimes, the other factors could easily be decided based on the information

encoded in the datatype. For example, CUDA DMA can be used in place of the generic packing

algorithm for a single vector type (e.g., CSvec) by merely analyzing the strides/blocklengths,

while a type-specific kernel could replace generic packing for single vector types with param-

eters unfavorable to CUDA DMA performance.

Another common optimization to make is the pipelining of data in communication codes to

increase network utilization, such as in MVAPICH [109]. While we did not explicitly explore this

in our work (our hardware configuration was bottlenecked by PCIe latency for small messages

and network bandwidth for large messages), it is straightforward to provide this functionality.

Given a pipeline unit of an arbitrary size, we can modify the point-to-thread mapping and the

input/output offsets in Algorithm 1, signifying an element offset and dynamically assigning

threads and thread blocks to the number of elements to read. We can also simply select the

number of elements that can fit into any given buffer using the existing datatype encoding

and a single-pass traversal, similar in style to Algorithm 1. For systems with increasingly high

network capabilities, it is important for this functionality to be available, and our design is

capable of performing pipelining with little change to the underlying methods.

Furthermore, we have shown the need, through experiments on resource contention, for
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more complex resource scheduling and management on the GPU. As communication patterns

get more complex and multiple threads and MPI processes access the same GPU hardware, there

is nothing a user can do to prevent resource contention other than fine-tuning and organizing

the code to explicitly minimize contention. Thankfully, the MPI Standard allows hints in the

form of attributes to be passed to datatypes, which presents an non-intrusive path towards

allowing users to suggest communication strategies. While there may be no way to avoid resource

contention, at least the user could be able to have some say in the handling of it. To enable a

wider range of applications to efficiently use the GPU, providing scheduling capabilities, such

as a priority-based scheduler for performance critical workloads such as packing, will become

an increasingly important aspect of overall GPU adoption and use, especially for complex

applications.
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Chapter 4

RADAR: Runtime Asymmetric

Data Access-driven Replication

4.1 Introduction

In HPC systems and parallel filesystems such as PVFS [14], Lustre [89], and GPFS [88], the

distribution of data across multiple storage devices is a difficult problem, for which numerous

works have been dedicated to solving. The combination of high-dimensionality (multiple vari-

ables distributed in a spatio-temporal domain) and distributed requests over many processes

complicates making an informed decision about how to place data to result in high perfor-

mance. The problem is exacerbated when noncontiguous access patterns are induced on disk,

such as subvolume access. Even optimizations made to reduce/eliminate noncontiguous disk

access, such as two-phase collective I/O [100], create new access patterns for which the data

distribution may not be optimized for.

Previous works have looked at data layout optimization in an HPC context in two general

respects: modifying the logical layout of data with the goal of producing highly specialized data

organizations for a specific usage (e.g., range-query processing on scientific data [48, 29, 30,

39, 40]), and optimizing the physical distribution of datasets to better match the mapping of

process requests to I/O servers usage [94, 124, 95], either in place or as separate entities in

storage, and with varying degrees of adaptability. However, these works have some combination

of the following potential problems that we wish to mitigate: modified logical formats introduce

both interoperability concerns and difficulties related to manual management of the custom

format; works that provide multiple data layouts or replicate data in multiple formats rely on

creating directories/files for each, leading to a large number of files to process any time the

dataset is used; the distribution formats are either fixed or optimize for a single metric, e.g.,

disk thrashing via DiskSim [8], requests to a single segment of file, etc.
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Given these problems, we present a model-driven, adaptive layout optimization framework

using direct parallel filesystem semantics. Our layout optimization is based on partial replica-

tion, allowing a small, controllable increase in dataset sizes in exchange for I/O performance

optimization. Furthermore, as opposed to previous works, which fix either the regions of data

to replicate or the replication format, we allow variability in both. In particular, we present the

following contributions:

1) Adaptive, storage-aware replica management policy. Given a set of I/O access patterns,

our replica layout manager (Section 4.3.4) uses an I/O performance modeling approach to 1)

create replicas with varied layouts for performance optimization of input access patterns, and

2) to rank replicas for inclusion under storage-limited scenarios. Furthermore, our approach is

capable of gracefully handling imbalances in both server loads and client loads, using perfor-

mance modeling to account for the former and distribution heuristics to account for the latter.

Using a prototype MPI-IO driver, our method is shown to be effective at accelerating common

subvolume decomposition tasks, showing speedups of up to 1.5− 3.5.

2) Single-container, non-intrusive dataset storage. All replica data and metadata is stored

alongside the original, unchanged data in a single file container, achieved through direct object-

storage semantics (Sections 4.3.2). Distribution of replica data among a fixed set of replica

objects is enabled through a combination of sparse-file capabilities and a object-slice-based

allocation scheme (Section 4.3.5).

3) Datatype- and collective-aware MPI-IO tracing. As an enabling technology, we develop

a tracer capable of collecting full logical I/O requests with low overhead at the MPI-IO-level

(Section 4.3.3). It is configurable to collect either pre-collective or post-collective optimizations

(or both). As a result, our layout manager is able to generate performance-improving replicas

for applications already using collective optimizations, while previous methods typically do not

handle this case.

4.2 Background

4.2.1 MPI-IO, ROMIO, and ADIO

In the MPI Standard, MPI-IO exposes a datatype-driven file decomposition and operating

method (“views”). That is, datatypes are defined much like they would for communication (see

Section 3.2), except the locations are with respect to a linear byte store beginning at offset 0.

This allows users to easily map data structures in memory to those in file. For example, reading

and distributing multidimensional arrays can be simply performed by use of the subarray type

for each process.

ROMIO is the implementation of MPI-IO [102] used in MPICH. ROMIO is implemented
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by mapping MPI-IO calls to the ADIO interface [101], which exposes necessary functionality in

order to portably implement MPI-IO and allows separation between MPI functionality and the

underlying filesystem calls (e.g., POSIX vs. native PVFS). Furthermore, the design of ROMIO

is such that filesystem-specific ADIO targets can be dynamically specified through the filename

argument by prepending the implementation name followed by a colon, e.g., “lustre:” and

“pvfs2:.” This implementation is enabled by loading tables of function pointers of the particular

filesystem’s implementation of ADIO based on either system defaults or user requests.

4.2.2 PVFS and EOF

Recently, the “End-of-Files” (EOF) [31] extension to PVFS [14], a high-performance parallel

filesystem, was created to expose the object storage abstraction directly into the client space,

allowing a richer and more elegant mapping from application datasets to parallel storage sys-

tems. The object storage abstraction presents uniquely identified (typically via a 64-bit ID),

extendable linear byte arrays as the elemental unit of storage, and most parallel filesystems

in usage today distribute a file to a set of objects using a distribution function, or striping.

EOF cuts out the middleman between file and object set and allows applications to forward

I/O operations directly to individual objects. For example, dataset metadata can be forwarded

to a single object, while the data itself can be assigned distinct objects based on timesteps,

variables, etc.

4.3 Method

4.3.1 Overview

Figure 4.1 shows a general overview. The system workflow, in which access patterns are gar-

nered from applications and replicated data layouts are created to optimize for those access

patterns, is realized by a number of components. First, we develop a datatype-aware, collective-

aware “pass-through” ADIO trace layer that captures I/O requests and forwards to other ADIO

implementations. We then process the trace using a pattern analyzer, outputting access pat-

terns of interest, such as strided access. Our replica layout manager ingests these patterns,

and along with previously generated patterns, determines what data to replicate and in what

format. Finally, our replica-aware, EOF-based ADIO implementation matches I/O requests to

replications, redirecting the subsequent EOF object operations.

As a preliminary, Section 4.3.2 describes the data management policies employed by our

method. Section 4.3.3 briefly discusses the tracer and generation of access patterns. Section 4.3.4

describes in detail the replication layout manager. Finally, the replica-aware ADIO driver is

discussed in Section 4.3.5.
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Figure 4.1: RADAR components, across the I/O software stack. The shaded figures delineate
our contributions.

4.3.2 EOF Data Management

As EOF exposes object-based storage and most components of our method operate on EOF

objects, we first discuss the object layout of the various data/metadata in our system. More

specific details can be found in the system components’ respective sections. Figure 4.2 shows

the various types of objects used in RADAR, all under a single filename. The original dataset is

stored as it would be on any distributed filesystem, striped by some distribution across multiple

storage devices (objects, in our case). We include a file metadata object since distribution in

EOF is relegated to the user. For RADAR, at file create time we allocate a number of replica

objects equal to the number of data objects. We do this both for practicality reasons (limits

on per-file concurrency) and for semantic reasons (currently, EOF cannot dynamically add or

remove objects from a file container). A replica metadata object is used to store the mapping of

replicas to object locations. Finally, the set of generated access patterns processed by RADAR

is placed in a dedicated object for the results to persist across multiple application runs.

Under this data management scheme, only two sets of data exist outside of the MPI/EOF

file container used by RADAR: the trace output and trace analysis results. For completeness,

we intend to integrate these intermediate datasets into the RADAR format, though an option

for external output is still important as a tracer of the given granularity can potentially be

useful for general I/O performance analysis.
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Figure 4.2: EOF object layout for RADAR.

4.3.3 I/O Tracer and Analyzer

ADIO Tracer

With respect to MPI, our layout optimization techniques need to be aware of how MPI-IO

calls translate into actual I/O requests. For example, optimizations such as two-phase or data

sieving may be applied transparently to the user. PMPI-based (or POSIX-based) tracers make

this difficult – neither have the sufficient information to distinguish the difference between

logical accesses and physical (a PMPI tracer could conceivably perform this, but would require

reverse engineering of collective optimizations).

Hence, our tracer is designed as an ADIO implementation, outputting the ADIO function

calls as well as offset/length pairs (either before or after applying collective optimization). By

doing this, we gain the flexibility of examining the I/O request mapping induced by collective

optimizations, while freeing up the namespace for other PMPI-based methods, such as Dar-

shan [13, 12], or even related works that modify data layouts (see Section 4.5). Within the

MPICH source, we enable this primarily through function pointer swapping and auxiliary data

structures added to the MPI file data structure. Hints passed via the info object enable and

set options for the tracer, and, if requested, open calls are synchronized to allow for comparing

times of operations to determine concurrency of accesses.

In order to enable trace functionalities in a generic manner, we simulate I/O calls from within

the trace functions. While this may incur some computational overhead compared to directly

embedding within specific ADIO implementations (such as our own), we feel that the generic

ROMIO-level tracing can find use beyond this work, and will be explored further. Simulating

I/O involves iterating over the file datatype, generating offset/length pairs corresponding to file

accesses.

Through simple configuration options (either MPI hints passed though an info object or

environment variables), we can easily allow our simulated I/O to be applied immediately upon

62



reaching a collective I/O request (before collective optimizations), only in the underlying serial

I/O operations, or both, taking advantage of the fact that a single collective read/write is

composed of an optional data exchange phase followed by numerous serial read/writes.

One issue of concern for tracing and trace analysis is determining whether operations on

different processes are concurrent, and possibly conflicting. To provide sufficient information

for this, we perform a barrier at file open time, take the wall-clock time, and only record per-

process time deltas. This avoids performing clock synchronization while giving us a reasonable

indication of when operations occur relative to one-another, sufficient for this work.

The output of the tracer includes all ADIO calls, as well as any offset/length pairs generated

through reading or writing, separated on a per-process basis. Currently, the trace is in plain-text

format and we do not attempt compression; compression methodologies such as inline pattern

analysis and/or off-the-shelf compressors (e.g., Zlib [24]) will be explored in future work (see

Section 5.1).

Trace Analyzer

The access patterns we are primarily concerned with are contiguous access patterns (sequential

access of a large space with fixed or average-size request sizes) and k-d strided access patterns

(accesses that differ in offset by a fixed value, or stride), both of which are common in HPC

I/O workloads. These accesses occur over a linear address space of bytes, but in practice typ-

ically correspond to accesses along spatio-temporal domains or across multiple variables (e.g.,

temperature, pressure in a climate simulation).

To gather the desired access patterns, we built a variant of the IOSig trace analysis soft-

ware [11, 121]. We similarly use a template matching approach, but, as our tracer works at the

ADIO level and additionally processes datatypes, the processing of the traces has been rewrit-

ten. For more discussion pertaining to access pattern categorization and discovery, see [11, 121].

4.3.4 RADAR Layout Manager

The goal of RADAR’s layout manager component is to create replicas with a layout that im-

proves I/O performance under a given set of access patterns. Given this goal, there are a number

of questions to consider: 1) How do we generate a data layout to best improve performance under

a particular access pattern? 2) How do we measure performance “improvement” itself? 3) How

do we augment our choices with both temporal information and limits on storage overhead?

To provide a framework capable of answering these questions in a flexible manner, the

layout manager uses the following strategies. 1) To optimize in the presence of concurrent

accesses, we generate replicas for time-delimited pattern sets. 2) To quickly generate and evaluate

candidate replica sets, we adopt a two-phase performance-modeling approach, using a coarse-
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grain performance model to quickly produce and select candidate replica sets and using a

fine-grained performance model to compare against the original data layout. 3) Given user-

driven constraints space-constrained scenarios, we employ a configurable aging mechanism to

aid in selecting new replicas for inclusion, alongside the potential performance improvement

calculated by the performance models. Algorithm 4 gives an overview of the replica creation

and decision process, and the following sections discuss the individual components.

Algorithm 4: RADAR layout manager overview

in-out : DS (data store): RADAR MPI file consisting of pattern store PS, replication store RS,
replica metadata RM

input : Pats: set of access patterns to process
input : ∆t: time window size
input : Mf , Mc: fine, coarse-grained perf. models
input : γ: decay function
input : σ: storage upper bound

// split patterns into sets of concurrent accesses
1 β ← partitioning of Pats into buckets by ∆t
2 processed ← { }

// process each pattern subset
3 for [ ∈ β do

// use coarse-grain model to make candidate replica
4 reps ← opt replicas(Mf , [)

// use fine-grain model to estimate perf. benefit
5 Cdiff ← Mf([) - Mf(reps)
6 append {Cdiff , reps } to processed

// read existing (benefit, age, replicas) tuples, applying decay
7 existing ← [ {γ(c, age), R} | (c, age, R) ∈ PS ]
8 merge ← sort(processed ∪ existing)
9 write replica sets in decreasing order from merge, evicting replicas from merge in increasing order

as required by σ, until no more can be added

Pattern Preprocessing

Preprocessing of the patterns is driven by our optimization goals: create a replica enabling effi-

cient access of the pattern, while being aware of concurrent system operations. The latter has

been examined in previous work by converting all accesses into log-structured, effectively creat-

ing a one-to-one process-to-server mapping [4, 124]. Here we are looking at flexible distribution

among multiple servers for read optimization, rather than write optimization.

Each pattern in our analyzed traces has starting and ending times. Given these and a value

δ, the patterns are partitioned into buckets, each corresponding to a time window of length δ.
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Each bucket is then considered a single entity for the purposes of performance modeling and

optimization. As each bucket need not be sorted in our method, the overall process is linear in

the number of patterns.

Replica Generation and Ranking – Performance Modeling

As mentioned in the overview, we use a simple, constant-time performance model to generate

candidate replicas, and a more involved model to give a relative performance comparison be-

tween the original data layout and candidate layouts. This design decision is made in order to

quickly generate replicas for testing, while retaining the ability to evaluate against unbalanced

access patterns with respect to either the amount of data requested per-process or the amount

of data processed by each I/O server.

Preliminaries Our models both use latency/bandwidth measurements over both network

and storage, assuming serialization of requests at the node level (both client and server) and re-

quests to storage. Table 4.1 shows the relevant variables. Furthermore, we make a few simplifying

assumptions across both models that, while harmful to general-purpose high-accuracy perfor-

mance prediction, still allow us to make valid measures for comparative purposes over time-

gated accesses in a manner that is computationally reasonable. Firstly, we assume no pipelining

of network and storage operations, insulating us from false positives arising from slightly dif-

ferent access schedules but giving a pessimistic view of system capabilities; we consider both

types of costs equally from an optimization point-of-view. Secondly, resource contention is mea-

sured through the aggregation of request latencies and, in the fine-grained performance model,

through penalization terms on nodes based on the number of distinct requests. This misses

some phenomena observed in real runs or in full system/subsystem simulators [8], such as disk

head thrashing.

Coarse-grained Model The coarse-grained model is a generalization of the cost model cre-

ated by Song et al. [94] to optimize accesses under the following characteristics: 1) uniform

access sizes, 2) perfect access distribution among servers corresponding to PVFS data layouts,

and 3) single time of issuance across all processes. This model, while not created for general

purpose I/O modeling, has proven useful for HPC applications with regular access patterns,

and is appropriate for driving our replica placement method, given that we are in full control

of replica placement and can produce such regular accesses. First, we discuss the model and

generalization, then we discuss how we find effective replica layouts using it.

The cost model by Song et al. have four separate costs which are summed to find the final

result: Te, the establishment time for all network operations, Tx, the time to transfer all request

data across the network, Ts, the “startup” time for all storage accesses, and Trw, the read/write
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Table 4.1: Performance Model System Parameters

System parameters

n I/O servers

`net I/O request (network) latency

bnet Network per-byte transfer time

`sto I/O request (disk) latency

bsto Storage per-byte transfer time

rs Local storage readahead

Per-pattern-set inputs

P Set of access patterns with process mappings

p I/O participants (clients)

m I/O participants per node

Coarse-grain model input/outputs

B Total request size across all patterns

np Servers contacted per client

r Average request size per client per server = B/(pnp)

time for all storage accesses. These costs are computed separately based on the PVFS data

layout being used, which they fix to be a one-to-one process to server mapping (1-DV), a

one-to-all mapping (1-DH) and a process-group to server-group mapping (2-D). Refer to the

respective paper for more details. We collapse this mapping based on a simple observation: the

parameter being varied across each of the models is the servers contacted per client. Making

this an explicit variable np allows us to collapse the equations into a single set:

Te = max(mnp, d
pnp
n
e)`net (4.1)

Tx = max(mnp, d
pnp
n
e)rbnet (4.2)

Ts = dpnp
n
e`sto (4.3)

Trw = dpnp
n
erbsto. (4.4)

Note that the np term is within the ceiling/maximum functions, and not factored out, to ensure

the model will remain accurate for low-client-count scenarios (i.e., pnp < n).

Coarse-grained Model Usage Given the definition of the coarse-grain model, we derive a

simple replica creation process, using the following strategy: assume the underlying accesses are

regular and uniform, compute minnp(Te + Tx + Ts + Trw), then resolve any load balances by

over/under provisioning replica striping across the servers. After computing B and an average

m, simply calculate model values for np ∈ {1, 2, . . . , n} and choose the minimum. Then, perform
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Figure 4.3: Access pattern over and under provisioning based on model optimization on bal-
anced accesses (for np = 2)

the logical striping under the assumption that r is the actual request size per client. Finally,

compute for each pattern which servers its data resides on. An example mapping is shown in

Figure 4.3. The intuition behind this layout heuristic is that patterns with balanced accesses

will be optimized as normal, and overprovisioning for unbalanced accesses with larger relative

sizes will be made up for by underprovisioning for accesses with smaller sizes, mapping degree

of concurrency to relative access size.

Fine-grained Model The fine-grained model shares similarities to the coarse-grain model,

using latency/bandwidth modeling at both the network and storage level to generate an overall

cost. However, whereas the coarse-grained model makes some significant assumptions about

access characteristics, we need a more robust model capable of capturing load imbalance. Our

approach consists of the following two steps, with the underlying steps of mapping each pattern

in the pattern set to its respective client process/node and set of contacted servers: 1) compute

a localized T ′e, T
′
s and T ′rw for each server, and 2) calculate the total time-to-receipt T ′t for each

client node based on the server calculations, with the maximum among them being the total

request time.

The computation of T ′s and T ′rw are relatively straightforward, with T ′s being the number

of noncontiguous blocks (measured at a page granularity and taking into account readahead)

accessed times the storage access latency, and T ′rw being the total size of all requests to the

server times the inverse of the bandwidth. For T ′rw, we additionally adjust the performance to

account for readahead – if two consecutive requests are within a readahead window (default
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128KB on Linux), then the disk latency cost is avoided at the cost of consuming the bytes

separating the two requests.

The computation of T ′e and T ′t are more nuanced, as we must consider both access latency and

wait times for request/response receipt. As computing these wait times exactly would require a

known access schedule (as well as more architecturally-accurate simulation), we instead compute

an approximate. For T ′e, we compute the network latency times the number of incoming requests,

with a penalization term εe. For this, we take the node contacting the server with the maximum

number of outgoing requests, and assume that the request to the server occurs after all of its

other requests. Similarly for T ′t , the penalization term εt is computed by assuming that the data

requested by the given node is issued after the server’s access schedule, for the contacted server

with the largest load.

Considering the full set of pattern accesses, the computational cost of evaluating the model

is best described using a bipartite graph G = (M,N,E), where M represents the client nodes,

N represents the server nodes, and E the mapping of client nodes to contacted server nodes.

Generating the graph requires time proportional to the number of contiguous blocks encoded by

the pattern set times the average number of servers containing each block (at most the average

vertex degree). Evaluating the model, akin to traversing each vertex and its corresponding

neighbor set, is linear in |E|.

Replica Aging

An important consideration in the RADAR methodology is how to represent the “age” of a

particular pattern (or set of patterns), with the implication that the layout manager can prefer

“younger” accesses to “older” ones. While raw timestamps can easily be gathered by tracers,

real time as a measure of age is noisy and rife with pitfalls: machines can go down, scientists

can go on vacation or not run applications over the weekend, etc. Hence, we need a more robust

measure of time.

To provide a robust measure of age relative to application runs, RADAR defines age to

be the amount of data read from the dataset, normalized by the original dataset size. For

example, consider a simulation that writes X bytes of analysis data. Afterwards, consider three

read-only analysis application runs (in order of execution): A, B, and C. Under our system,

patterns generated during application A’s run would have an age of zero, patterns generated

during B would have an age of read(A)/X, and patterns generated during C would have an

age of (read(A) + read(B))/X. The metadata required to maintain the ages, namely, the total

amount of data read from a dataset, can be stored in the file metadata of the RADAR MPI

file. While this method has some issues of its own, such as a bias towards larger applications,

it nevertheless sufficiently captures the temporal context necessary to compare the relative age
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of access patterns.

Given this formulation of age, we use a configurable decay function, applying on the per-

formance benefit of already existing pattern sets. That is, given a benefit measure b and the

difference in age a between the current dataset state and the age at which the pattern set was

generated, the result of the decay function γ(b, a) is used in place of b in the replica selection

process. Examples are the identity function (γ(b, a) = b) and an exponential decay function

such as half-life (γ(b, a) = b2−a/X , the half life in this case corresponds to a reading of the full

dataset).

4.3.5 Replica-aware ADIO Driver

The responsibilities of the RADAR ADIO driver is to interface with EOF, maintain the seman-

tically varying sets of objects, and to remap I/O requests into the replica space, as appropriate.

Asides from the remapping portion, the rest of the processing is relatively simple, corresponding

to loading/distributing file and replica metadata, updating the bytes-read component (for later

use by the layout manager), and driving some RADAR-specific operations, such as performing

the replication. The replication process itself is discussed in the next section, while the request

remapping is presented in the section thereafter.

Replication Operations

A yet undiscussed component of the RADAR process is how exactly to distribute a replica.

As discussed earlier, we currently implement two types of replicas: a contiguous replica, and a

strided replica. Both are striped in the replica object space. The main problem here arises from

the fact that we are using a shared set of replica objects to store multiple objects.

In order to both simplify design and minimize usage of space, we exploit sparse-file capabil-

ities in the local filesystems employed by PVFS. Essentially, file blocks not written to are not

stored on the disk. The typical example of this is a file that is created on open, and written

to once at byte offset 1GB. The file size reported by stat will simply be the last byte offset

written, while the actual storage used will be a single disk block, along with metadata.

We divide all objects into allocation units we call object domains (ODs), an example of

which is shown in Figure 4.4. An OD corresponds to the full set of replica objects, spanning a

per-object address space with fixed, large-granularity sizes. Each replication is placed within a

single OD, as shown in the example. To avoid biasing replica placement towards one object or

another, replicas are assigned starting objects in round-robin order. In the figure, for example,

the replica shown begins addressing at the leftmost object, while the next replica created will

begin addressing at the next leftmost object.
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Figure 4.4: Allocation units in RADAR (“Object Domains,” or ODs), and replica layout in an
OD.

I/O Processing in the Presence of Replicas

Given a set of replicated data layouts and a set of I/O requests (e.g., generated by a call

to MPI File read), the most difficult task for the RADAR I/O driver is to determine which,

if any, replica to read/write from. This problem can be separated into two tasks: matching

requests (offset/length pairs in file) to replicas, then choosing which among the replicas to issue

the operation to, or none at all. Note that, for this work, we only consider full matches, in

which each contiguous block of a request can be fully satisfied through reading from a single

replica. Partial replica mapping, resulting in reading partly from a replica and partly from

the original data, is a focus for future work; our intuition is that splitting a single request into

multiple locations will result in increased latency costs, especially in a multi-reader environment.

However, answering this concern fully requires more sophisticated performance modeling.

Replica Matching The matching itself, given an offset/length pair and a replica, is a simple

matter, but the main concern is coping with an increasing number of replications. For n replicas,

it is not preferable to have to do a naive linear test of each one: for a large number of small,

localized replicas, this approach would clearly not scale. Furthermore, arbitrary replicas over

strided data (multiple dimensionalities, block sizes) make using classical spatial partitioning

data structures such as interval and R-trees unwieldy: the strided pattern would need to be

flattened into its elemental blocks, expanding the tree size considerably. Replicas over contiguous

data can benefit from these structures, however.

As a compromise between flattening the strided pattern representation and inducing a linear
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Figure 4.5: Replica lookup using inverted index with bin extension

scan of the full replica set, we build an inverted index [117, 127] over the file. As the name

suggests, an inverted index maps regions of file to a list of replicas overlapping with the regions,

rather than mapping replicas to regions of file. Typically, inverted indexes have been used to

accelerate searches such as large-scale document searching – search terms match to a set of

containing documents, but they have also proven useful in other scenarios [39, 40] First, we

partition the extent of the file into bins, where each bin represents a distinct contiguous region

of the file. Then, for each bin we list the replicas for which locations encoded by the replica

overlap with the bin’s byte boundaries. Hence, queries (i.e., finding the replicas which may

satisfy a given offset/length pair) need only look at and process the list of replicas in the bins

that intersect with the request. This representation is shown in Figure 4.5.

One problem with the inverted index approach is that multiple bins may need to be exam-

ined, and their replica lists intersected, to fully process queries. To avoid paying this additional

cost, we perform a simple modification of the per-bin replica list to enable full querying using

only a single bin. Namely, for each entry in the list of per-bin replicas, we record the bin exten-

sion, or the number of bins that the overlapping contiguous block extends across (in increasing

byte order). For replicas over strided data, we record the maximum extension over all blocks

that overlap in the bin. Then, given an offset/length pair to query on, we need only look at the

intersecting bin with the smallest byte boundary and compare the bin extension of the request

to the bin extension of the replica. This modification is also represented in Figure 4.5, with the

numbers next to the identifiers representing the bin extension.

Finally, to help mitigate a worst-case linear search time of the inverted index (all replicas
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overlap with a particular bin) for every request, we additionally keep a one-element history of

replica matches, with the assumption that it is more likely than not that a replica will be read

multiple times in sequence by a client. For processing a request, the previous replica read is

matched against first, followed by a query against the inverted index if the request does not

match.

Replica Selection Given an I/O request and a set of replicas that can satisfy the request, a

significant problem is how to select which replica among the set to read from that would result

in the best performance. This choice is nonexistent for writing, as all replicas must be updated:

as noted earlier, our primary use-case is accelerating read performance for multiple analysis

workloads; mixed read-write workloads would not fare well under our methods. Complicating

the selection is that the available information to make this decision is inherently local (requests

occur on a per-process or possibly per-MPI-aggregator level), consisting of only the replica

metadata.

Our solution to this problem is a simple heuristic we call smallest containing block (SCB).

The idea behind SCB is that of specialization: we consider replicas with a finer granularity to

be more specialized than those without, and hence should be prioritized in the replica selection

process. This generally means that replicas over strided data will more than likely be selected

over replicas over contiguous data, as each of the strided data would be more sparse.

Other methods, such as performance models, could certainly be “swapped” in to make

the replica selection as well, as the data layout is known to all. However, inherently local

performance models cannot have a big-picture view of the system by which many I/O operations

could be happening at any given time. In this sense, we are relying on the RADAR layout

manager to make informed choices pertaining replicas, and allowing the I/O mechanism itself

to be simpler.

4.4 Experimental Evaluation

4.4.1 Setup

All experiments were ran on the LCRC Fusion cluster at Argonne National Laboratory. Each

node contains two quad-core Intel Xeon processors at 2.53 GHz with 32GB RAM, and nodes are

connected by Infiniband QDR. Each node in Fusion contains local hard-disk storage (250GB

IBM iDataPlex). Additionally, our implementation of RADAR is based on MPICH 3.0.2 and

PVFS2 2.8.1, patched with EOF. Due to issues with Infiniband support for PVFS on Fusion,

both MPI communication and PVFS client-server commuinication is performed via TCP over

Infiniband.
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Table 4.2: Performance Model Variables

System parameters

n 8 I/O servers

rs 128KB Local storage readahead

`net 32.9µs I/O request (network) latency

`sto 6.20ms I/O request (disk) latency

bnet 0.00112µs (867MB/s) Network per-byte transfer time

bsto 0.0212µs (44.98MB/s) Storage per-byte transfer time

4.4.2 RADAR-specific Setup

As we use a modified version of PVFS and each node in Fusion has local storage, we assign a

subset of the nodes to serve as PVFS I/O servers and use the remaining as I/O clients. We use

eight I/O servers in all experiments. Hence, each server initially contains 8 GB of data, striped

using 1 MB blocks.

Table 4.2 shows the performance model parameters we gathered via microbenchmarks on

Fusion. We use the BMI pingpong utility in PVFS to gather network performance through

PVFS, where BMI (Buffered Message Interface) is PVFS’s client/server communication inter-

face. We use simple read benchmarking via co-locating a PVFS client with a server to gather

storage performance parameters. Note that the microbenchmark result for disk bandwidth is

much lower than expected: the bandwidth when not going through PVFS is 90MB/s. We were

unable to eliminate this discrepancy, but we believe it to be a result of internal threading and

buffering overheads on the PVFS server.

For our inverted list acceleration structure for replica lookup, we divided the file into 1024

bins, each of which covering a 64MB extent of data.

4.4.3 Benchmarks

We evaluate our layout optimization work within the context of multidimensional array de-

composition, a common set of accesses seen in numerous analysis workloads. Specifically, we

define a three-dimensional volume of data over a fixed number of contiguous timesteps and use

MPI-IO to read selections of the resulting dataset using four types of decompositions, shown in

Figure 4.6: row-wise (distribute volume by contiguous plane), column-wise (distribute volume

by non-contiguous plane), block-wise (distribute volume by 3D subvolume) and timestep-wise

(distribute single subvolume from a range of timesteps). The row-wise decomposition induces

contiguous patterns at each process, while the remaining decompositions induce multidimen-

sional strided patterns at each process, or contiguous patterns at each aggregator process in

the case of collective I/O. Note that these access patterns are a superset of the access patterns
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Figure 4.6: Subvolume decompositions used in our evaluation (contiguous in order Z, Y,X,
time).

exhibited by several well-known benchmarks such as MPI-Tile-I/O [66], IOR [37], and PIO-

bench [90], all of which perform accesses with regular (single- or multi-dimensional) strides.

For all experiments, we used a subvolume of (time, X, Y, Z) dimensions (in row-major)

128× 256× 256× 256, each element of which is a 32-byte structure (e.g., four C doubles). The

total size of this dataset is 64GB.

4.4.4 Decomposition Performance

We test each decomposition using the following MPI process configurations with respect to

performing I/O: independent I/O with all processes on each node participating, independent

I/O with one process per node participating, and collective node with one aggregator per

node. The first is a “naive” approach for parallel I/O, but one that is still used as a result

of its simplicity as well as for access patterns such as log-structured, which structures data

in the order written (typically for checkpointing/restarting, but some libraries such as ADIOS

use log-structured with respect to each process’s writes). The second is similar to the first,

but represents the computation model of MPI+threads or MPI+accelerator, in which a single

process on each node performs communication and I/O while intra-node parallelism is used for

computation. The third is more common, as it allows optimizations such as two-phase I/O [100],

though with the overhead of communication and data movement between I/O participants.

Figures 4.7, 4.8, 4.9, and 4.10 show performance under the different decompositions both

before and after RADAR data replication. For these runs, we synchronize prior to running the

decomposition and calculate bandwidth with respect to the maximum elapsed time for each

individual read. There are a few points of interest in general about these experiments:
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1. All decompositions except the time-based decomposition decompose the same overall data

size of 2GB (four timesteps of 512MB volumes). That means, with an increasing number

of clients, the average request size decreases and the number of requests increase, leading

to potentially less efficient access when not using collective I/O.

2. The time-based decomposition, as mentioned, defines a fixed-size subvolume for each client

to read of size 64MB. As the number of clients increase, the per-client requests remain

the same, leading to an increase in the total request size.

3. The cube decomposition divides the volume into perfect cubes (1, 8, 27, 81, 125, etc.) no

less than the number of clients, and clients are assigned multiple blocks to read, resulting

in varying request granularities based on the number of clients. For instance, a four-client

run will divide the subvolume into eight blocks and assign two blocks to each client.

This can lead to both load-imbalance (processes can be oversubscribed blocks compared

to others) and varied access patterns due to the possibility of multiple smaller blocks

combining into a single, large, contiguous block.

4. Finally, the difference between having a single client per node and having up to eight is

marginal, due to the much larger performance potential of the network vs. storage.

Figure 4.7 shows the time-based decomposition. Here, I/O aggregation was disabled by

ROMIO due to the per-process data being both non-interleaved and separated in storage, and

thus is not shown. Without replication, the aggregate performance is far below peak performance

due to the noncontiguous accesses. The use of data reorganization through replication enables

high performance across the spectrum, though tapering off once I/O servers begin processing

requests from multiple clients.

Figure 4.8 shows the cube-based decomposition. As mentioned, this decomposition results

in block sizes of high variance with a changing number of clients, which is a significant factor

in the overall performance. As seen in the figure, the performance implications can easily be

seen between the four-client and eight-client decomposition for the non-replication case, and the

eight-client and 16-client decomposition for the RADAR case. Regardless, the use of RADAR

helps to smooth out the performance characteristics as a result of making the strided accesses

contiguous per client and over/under-provisioning of replicas based on load. Additionally, for the

single-client case, we notice a large performance gap between the no-replication and replication

case. We are currently unable to diagnose this difference; the generated layout by RADAR is

the same and the I/O driver follows largely the same code path. Unfortunately, collective I/O

results were unable to be gathered; we encountered crashes in the ROMIO implementation

and/or MPI datatype processor when attempting to run our workload.
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Figure 4.7: Subvolume-over-time-decomposition results with different process configurations

Figure 4.9 shows the column-based decomposition performance. This represents a patho-

logical case of I/O, as seen by the average contiguous block sizes. Hence, performance without

collective optimizations or RADAR is far worse than any of the other decompositions as the

number of clients increase. RADAR is capable of greatly improving performance over the orig-

inal data layout, but tapers off for increasing client counts. The reason for this, asides from the

increased number of requests per server, may also be implementation-based: the RADAR MPI-

IO driver (along with the native PVFS2 driver) enter processed datatype offset/length pairs

into a queue, then use PVFS2 list I/O [18] to send the list of requests to the I/O server in one go

(list I/O is most similar to the previously-proposed POSIX I/O extensions readx/writex [107],

an interface for specifying sets of noncontiguous file accesses to noncontiguous memory). The

block size is so small in this case that the queue becomes full and issues correspondingly small

requests. Note that, for fairness, we use the same queue depth of 64 as used by the PVFS2

ADIO implementation (non-configurable). As for collective I/O, RADAR performs similarly
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Figure 4.8: Cube-decomposition results with different process configurations

to collective I/O, due to the large-granularity block sizes induced by the two-phase algorithm

(16MB). Performance for large numbers of clients drops likely because of underestimating the

network capability when choosing the replica layout: see the following paragraphs on model

performance.

Figure 4.10 shows the row-based decomposition performance, representing the “best case”

for parallel I/O without reorganization: large, contiguous, non-overlapping blocks. Here, as the

storage is the primary bottleneck and block sizes are very large, RADAR is not shown to have

any benefit. We also show collective I/O results, but in this case performance is either unchanged

or reduced due to the data movement overheads.
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Figure 4.9: Column-decomposition results with different process configurations

4.4.5 Model Verifications

Given the performance shown in Section 4.4.4, we now look at how the performance modeling

approach compares. As previously discussed, the goal of the performance models is to capture if
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Figure 4.10: Row-decomposition results with different process configurations

a specific data layout can be improved by a modified data layout via replication. Note that this

is a different goal than strict performance accuracy: here, the primary measurement of interest
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is the accuracy of relative performance between two layouts (one with replicas, one without).

As discussed, the models do not perform full system simulation, making them unsuitable for

general-purpose performance prediction.

Figures 4.11, 4.12, and 4.13 show the results, comparing the model-derived performance of

both the original layout and the layout under replication to the median of the performance

shown in Section 4.4.4. We additionally show the estimated performance using the coarse-

grained model corresponding to the best layout. In general, the “best layout” found corre-

sponded to the heuristic of spreading each pattern’s data across as many servers as possible

until overlap occurs, in which case the distribution contracts accordingly. Also, as discussed

before, results for time-based and cube-based collective decomposition are not shown.
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Figure 4.11: Model results against median empirical performance (8 clients per node).

Overall, the model results capture some degree of performance difference between the orig-

inal layout and the candidate replica set layout. Large, contiguous accesses are shown to have

little difference between both the original and replicated layouts, implying that creating the

replica set would result in minimal, if any, gain. Alternatively, smaller, noncontiguous accesses

are correctly shown to have a large degree of benefit by the models.

There are a few nontrivial aspects of the test system and software preventing the models

from performing more accurately. First, there does not seem to be any performance benefit

arising from the addition of nodes – the model assumes that additional nodes and servers corre-
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Figure 4.12: Model results against median empirical performance (1 clients per node).
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Figure 4.13: Model results against median empirical performance (1 aggregator per node).

sponds to additional network resources to draw upon. As seen in the time-based decomposition

(fixed access sizes per client), this does not seem to be the case. Furthermore, the cost models

generally overestimate the performance: we believe this to be largely the cause of our reada-

head simulation being optimistic in its ability to effectively cache pages without interfering with

normal system performance. Finally, our performance models do not model the communication

phase of optimizations performed during collective I/O, and hence overestimate the overall

performance.

81



Table 4.3: Median replica entries per non-empty inverted list bin

Decomp. Config. Clients
16 32 64 128

Col
ind., 8/node 16.0 32.0 64.0 128.0
ind., 1/node 16.0 N/A N/A N/A
collective N/A 1.0 2.0 4.0

Row
ind., 8/node 2.0 4.0 8.0 16.0
ind., 1/node 2.0 N/A N/A N/A
collective N/A N/A 1.5 2.0

Cube
ind., 8/node 6.0 8.0 16.0 36.0
ind., 1/node 6.0 N/A N/A N/A

Time
ind., 8/node 1.0 1.0 1.0 1.0
ind., 1/node 1.0 N/A N/A N/A

4.4.6 Replica Inverted List Performance

To test the efficacy of our inverted list approach to replica lookup, we measured the median

entries-per-bin for all of the experiments shown in Section 4.4.4. Note that, for these mea-

surements, bins having no entries were discarded from the computation – we wish to measure

effectiveness only for regions of file accessed by the read benchmarks. Furthermore, we used an

internal threshold of ten for enabling the inverted list, hence, no results for run configurations

that did not produce enough replications.

The results can be seen in Table 4.3. For the individual I/O case of the read benchmarks

tested, each process’s read workload reduces to a multidimensional strided access pattern, and

hence produces exactly one replica, meaning that the upper bound on the number of replicas

is the core count. The effectiveness of the method depends on the degree of interleaving: fine-

grained interleaving at the level of bytes, as seen by the column decomposition, obtain no

benefit, as each replica touches all non-empty bins. By contrast, the other decompositions see a

larger degree of benefit, especially the time-based decomposition, in which each process accesses

a distinct, nonoverlapping portion of file with a large separating stride.

4.4.7 Performance with APLOD

To explore the performance implications of combining optimizations at multiple levels of the

I/O software stack, we now show layered optimization, using both APLOD and RADAR in

tandem to optimize partial-precision I/O on a subvolume. We use the same volume dimensions

of 128 × 256 × 256 × 256, except instead of having 32-byte elements (corresponding to four

C doubles), we have 8-byte elements (corresponding to an APLOD decomposition with CV

{2, . . .}). We read the modified volume using the given decompositions and performed the
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Figure 4.14: APLOD (two bytes precision) performance with and without RADAR. Note that
the average block size for APLOD is one-fourth of the listed size.

APLOD reconstruction operation, reporting median aggregate bandwidth with respect to the

original data size.

The APLOD read results are shown in Figure 4.14. As shown, the performance benefit

from using APLOD alone depends on the contiguity of the data. The time-based and column-

based decompositions show little benefit of using APLOD on the original data; the performance

bottleneck in those cases is the noncontiguous access patterns, rather than the volume of data

read. For the row-based and some cases of the cube-based decompositions, the performance

benefit is roughly similar to the data reduction.

Where the APLOD method really shines is in the combination of the data reduction provided

by the APLOD transform with the data reorganization provided by RADAR. This allows reads

using APLOD to be performed under the best possible case: large, contiguous chunks.

4.5 Related Work

4.5.1 Replication in Storage Systems

Data replication in storage systems is a well-researched topic in many domains. Many paral-

lel/distributed filesystems, such as Hadoop File System (HDFS) [91] and Google File System

(GFS) [27, 64], built for task-centric, data-intensive workloads, as well as the Ceph filesys-
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tem [112], have data replication as a first-order feature. Furthermore, for current filesystems

used in HPC (e.g., PVFS [14], Lustre [89], PanFS [114]) where fault-tolerance is typically

provided through hardware redundancy, data replication is beginning to be explored. For ex-

ample, Tantisiriroj et al. developed a shim layer for PVFS for the purpose of executing Hadoop

workloads, enabling readahead buffering, making striping information available to the Hadoop

scheduler, and modifying PVFS’s data placement policy to provide data replication [98]. In

addition, local filesystem replication has been explored in local filesystems in a performance

context by reorganizing data to minimize rotational latency and maximize locality [5, 34].

Database systems also widely use replication, both as a fault-tolerance method similar to

filesystems, and as a performance optimizer by replicating “chunks” of the database using

query history as a guide [68, 116]. Also, recent works in MonetDB [6] have enabled dynamic

replication of columns via a method called database cracking [36, 35], which replicates columns

and reorganizes/indexes the replicated data as queries are performed on it.

Finally, other areas such as on-demand (e.g., video) services [19, 46] and Data Grid sys-

tems [52, 96] have used replication to maximize data availability and throughput.

4.5.2 I/O Middleware and User-level Replication

Recently, the use of replication to ensure high availability and/or improve performance have

been explored outside of the storage system; that is, as either new high-level libraries or alongside

I/O middleware. Son et al. [93] show the possibility of handling replication-based fault tolerance

at the middleware level, performing file block replication using the PMPI interface. For MPI-

based applications that use a one-to-one, process-to-file mapping, Song et al. [94] creates three

replications with different file-to-disk mappings: file-per-storage-node, full striped files, and

partially striped files. Yin et al. extended Song’s model to handle one-dimensional and two-

dimensional strided accesses [122]. Zhang et al. [124] used replication through PMPI to minimize

disk head thrashing by playing back local disk traces with DiskSim [8].

4.5.3 Capturing and Detecting I/O Access Patterns

As gathering and systematically deriving system usage information from an application or set

of applications is a highly important task, many solutions have been developed that attack

the problem from a multitude of directions. Note that the majority of these methods cover

more areas than just I/O. As Numerous methods have been developed to work specifically on

MPI and PMPI (MPI’s profiling interface), such as the MPI Parallel Environment (MPE) [15]

for full MPI event tracing and mpiP [105] for lightweight, statistical measures. Dynamic in-

strumentation methods include automatically instrumenting at compile time through source

code analysis [45], as well as runtime binary instrumentation through IOPin [44], based on
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the Pin [60] framework. The Scalatrace family of MPI tracers focus on compressed trace gen-

eration [70, 80, 106, 119], using histogram generation and a combination of intra-node and

inter-node trace compression. Additionally, Darshan [13, 12] focuses on center-wide usage pat-

terns by combining local, subsystem metrics (such as block device profiling with the Sysstat [28]

and fsstat [20] tools) and application-level metrics (instrumented through POSIX and MPI-IO).

Once acceptable profiles or logs of application/system performance is gathered, they can

be mined for emergent patterns. Statistical learning methods can be used in a general sense to

capture high level patterns such as block-to-block association [62, 76, 103, 5]. Recent methods

specifically for HPC have been developed, again typically through the MPI/MPI-IO layers. For

example, Byna et al. developed an MPI-based I/O prefetching methodology based on detecting

multidimensional striding patterns of varying sizes [11]. Also, He et al. investigated PLFS

index compression using pattern recognition under a checkpointing use-case [33]. The IOSig [11]

trace analyzer convert I/O operations to compact and parameterized representations called I/O

signatures using a template matching approach, which iteratively attempts to match specific

patterns (e.g., regularly strided) to the sequence of I/O accesses.

4.6 Conclusion

Effective data distribution in large-scale analysis systems is an integral component of achieving

high performance I/O, especially in the presence of complex, noncontiguous workloads such as

the volume decompositions we have presented. Through the tight coupling with a filesystem view

of the data as a set of distinct objects, we were able to create arbitrary data layouts optimized for

the access patterns induced on the dataset, all in a single container. RADAR is a promising step

in the direction of automated specialization of data layouts based on application-specific needs

and access patterns, providing both increased performance and an initial ability to reason about

the “worth” of layouts for the purpose of marshalling usage of limited space for optimized data

distributions. Finally, we have shown that optimization-aware tracing methodologies (i.e., MPI-

IO two-phase aware) can be an effective tool for adaptive layout optimization works, alleviating

the optimization layer from having a deep understanding of intermediate optimizations.
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Chapter 5

Conclusion

5.1 Future Work

Our work in optimizations grounded in and related to noncontiguous access patterns has hit

upon multiple layers of the I/O software stack, from the application level, through high-level

I/O libraries and I/O middleware, and finally touching upon the filesystem layer. Our planned

future work primarily touches upon the latter two components, being concerned with extensions

and improvements to the RADAR framework (at both middleware and filesystem levels) and,

informed by our experiences with the RADAR work, more general directions in storage systems

and HPC filesystems research. We additionally plan to research advanced topics related to

data transformations (specifically APLOD), their place in the I/O software stack, and ways to

improve integration and interoperability with the existing HPC I/O ecosystem.

5.1.1 RADAR Future Work

For RADAR in particular, there are a number of future research directions that would aid in

solidifying the framework and enabling the maximum flexibility and performance benefits.

Filesystem-driven Replication Operations As a significant methodological change, al-

lowing the parallel filesystem to be in charge of the data movement aspects of the framework,

that is, the creation of replicas in storage given user (or RADAR) input would be an invalu-

able addition to both the RADAR framework, and to other future work (see Section 5.1.2).

The primary benefit of doing so, asides from easing the client-side load and converting the

replication creation operations from an active client program to a passive filesystem operation,

is that the filesystem may perform the operations at times of low load. As shown by Carns

et al. [13, 12], there is ample opportunity for the filesystem to perform layout optimizations

without interrupting normal operation, as filesystems typically do not sustain peak utilization
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over long periods of time (if BlueGene/P activity over the period studied is indicative of typical

parallel filesystem operation). Hence, the use of idle time to perform layout optimizations, such

as those explored in RADAR, is a promising direction.

Investigation of RADAR Task Separation Related to the previous point, an open ques-

tion for dynamic data layout optimizations such as those performed by RADAR is what the

proper separation of tasks in a multi-data-source environment should be. In the RADAR work,

we directly use filesystem abstractions (via object-storage), but much of the heavy lifting occurs

at the I/O middleware level. To summarize the components of RADAR, there is an observa-

tional component (i.e., tracing and trace analysis) a decision component (i.e., deciding what

replicas to create and how), and a storage component (i.e., storage policy of replicas and data

using EOF, as well as means to access them programmatically). Research can be performed

in identifying how these general categories can be executed at various levels of the I/O stack.

For instance, synchronization of information such as replication metadata, currently guaran-

teed (though not explicitly enforced) by MPI file access consistency semantics, could be pushed

to the filesystem level. Furthermore, giving the filesystem semantic knowledge of replications

enables the fusion of replicas-as-optimizers and replicas-as-fault-tolerance.

Incorporate Runtime Usage Statistics Into Replica Selection There are a few pieces

of information not yet incorporated into the RADAR layout manager that could prove very

useful for a more heterogeneous set of workloads. Namely, these pieces are frequency of access

to existing replicas and performance. Currently, performance of reading replicas is captured

implicitly through the performance modeling step of the layout manager, but having real usage

numbers could prove to be a more accurate solution, though steps would need to be taken

to mitigate deviations in performance for reasons out of the user’s control – storage systems

are shared resources, after all. Frequency of access can also help refine the aging process, as

currently a replica that is accessed frequently is aged in the same manner as a replica that is

rarely accessed.

Inline Trace Analysis Currently, the output size and thus overhead of the trace methodology

is dependent on the total number of I/O requests made. For long-running applications with

large numbers of processes and I/O requests, it would be more feasible from both a memory

standpoint and a write-performance standpoint to incorporate inline trace compression. This

can take the form of access pattern discovery via IOSig, application of other, related works,

such as the ScalaTrace family of trace collection/compression techniques [70, 106, 119, 80], as

well as general-purpose compression techniques.
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5.1.2 Storage System Future Work

Our experiences in RADAR have inspired us to look more deeply into filesystem semantics

concerning replication, especially at the intersection of performance-enhancing replication poli-

cies and replication policies meant to mitigate the various types of software/hardware failures

that occur in large-scale storage systems. This requires a in-depth look into replication and

I/O server communication protocols, as adding asymmetry into redundant data stores has the

potential of breaking up the one-to-one mapping between the location of a chunk of data and

the location of its replicas that is assumed in most technologies today.

By combining both replication-based fault-tolerance protocols and heterogeneous data lay-

outs, the data redundancy can be used in multiple, performance-enhancing contexts. As a simple

example, different data striping parameterizations can be used, which, as shown in the RADAR

work, can result in a higher degree of performance. A more complex example is maintaining

write-optimized data (e.g., log structured in the vein similar to the format in the Parallel Log-

structured File System, or PLFS [4]) while maintaining read-optimized data in a replica. All of

these are promising avenues of research, and could come in the form of user-provided hints and

flags to file operations or as part of a feedback loop similar to what RADAR does. The primary

research questions are how to ensure synchronicity of data as well as how to design replication

protocols to handle both forwarding data reads/writes to their correct locations as well as to

gracefully cope with software/hardware faults.

5.1.3 Advanced Data Transform Techniques in the I/O Software Stack

Two significant problems when considering the application of data transformation methodolo-

gies such as APLOD, compression, etc. on scientific datasets is 1) how the physical representa-

tion of transformed data on disk is accessed by users in a simple and effective manner, and 2)

how transformed data interoperates with other libraries and data formats. In the worst case, the

transformed data and necessary metadata can be stored on disk using custom POSIX-based I/O

drivers, requiring all applications and libraries interacting with the data to support the custom

format. With an already large ecosystem for processing scientific data in an HPC context, this

approach is likely not scalable.

Given these concerns, it is of utmost importance to develop generic data transformation

frameworks that decouple a dataset’s logical view of the data from the physical view. This is

certainly not a new concept (PLFS abstracts per-process log-structured files away to present

a clean, “shared” view of a file for write optimization, and databases are designed specifically

around this concept), but there are a few HPC-specific areas for which more research is nec-

essary. For example, the high-level I/O libraries ADIOS [59], HDF5 [120], and PnetCDF [56]

all expose array-based models with varying levels of complexity, and the logical dataset view
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(multidimensional, time-varying arrays) are translated by the libraries into a layout in phys-

ical storage (e.g., via MPI-IO). The “next level” of this idea is to further decouple the data

models and allow advanced data transformations within the libraries themselves. By incorpo-

rating operations such as compression as plugins that sit between the logical and physical data

layouts, interoperability becomes easier (these libraries are widely used and supported), data

transformation roles become clear (the high-level I/O library is in charge of all transforms), and

the burden on end-users to support the transforms are minimal (merely enable the transform

when configuring the dataset). Furthermore, the design of a user-configurable plugin architec-

ture within said libraries has the potential to give users an effective combination of ease-of-use

(defining the logical structure, enabling/disabling the transform) and data control (developing

or using existing plugins to allow fine-grained, application-specific augmentation of data).

To this end, we are currently investigating transform frameworks in the ADIOS library; we

are developing a plugin architecture to allow operations including general-purpose compression

and level-of-detail methods such as APLOD. Given ADIOS’s architecture (see Section 2.3.2),

such plugins can be easily enabled by the user through addition of a single XML entry.
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