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ABSTRACT

The speed of the storage device has long lagged behind the computation speed of

processors. As a result, the I/O performance of storage systems in a supercomputer

fails to keep up with its computational power. This gap continues to widen in modern

supercomputers. On future exascale supercomputers, this issue can worsen to the extent

that I/O operations become a bottleneck to many applications.

In this dissertation, we experiment with three ideas to improve I/O performance and

scalability on supercomputers. One of them is to try to utilize new types of storage

hardware being introduced in modern supercomputers. They bridge the performance

gap between the primary storage system and compute nodes, but also complicate the

I/O stack. Another is to compress the data to ease the demand on I/O bandwidth.

Compression reduces the bandwidth required to store the same amount of information

but makes the data more difficult to access and manage. The other is to improve the

I/O pattern to utilize I/O resources more efficiently. Large and contiguous I/O requests

can generally be handled more efficiently; however, it takes computation and memory

resources to reorganize the data into the desired pattern.

We present four projects that study the practicality of the three ideas for future

exascale HPC environments on various applications. The first one tries to utilize the
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burst buffer to perform I/O aggregation that combines and reorders I/O requests so it

can be handled more efficiently by the file system. The second one is an experiment on

the idea of compressing checkpoint data to reduce I/O time, and file system workload.

The third one introduces a framework we designed to enable efficient parallel I/O on

compressed variables in classic NetCDF files. The final one presents an HDF5 VOL we

developed that stores datasets in a log-based storage layout that results in efficient I/O

patterns. We show that the ideas mentioned above are effective and provide a decent

solution to scalable I/O in the exascale era.
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CHAPTER 1

INTRODUCTION

1.1. Parallel I/O in the Exa-scale Era

Throughout the past, the computing power of computers has increased significantly.

High-Performance Computing (HPC) systems are expected to pass the exascale milestone

in less than a year. Increasing computation power increases the demands on the underlying

storage solution in both capacity and performance. Although the capacity of storage

devices improved significantly during the past years, the improvement in performance is

inadequate. As a result, the speed of the file systems fails on supercomputers to keep pace

with the growth of computational power. As the performance gap between computation

and I/O continues to widen, I/O operation has become a potential performance bottleneck

of modern HPC applications.

An exascale HPC system can perform at least a quadrillion floating-point computation

per second. It is also expected to have tens of petabytes of memory. Such computation

power, combined with colossal system memory, enables scientific applications to run at

an unprecedented pace, scale, or resolution. Those applications are expected to produce

data that is several magnitudes larger than current applications do and to produce them

at a much faster rate. To handle data that size in a reasonable time, the I/O solution

must be efficient and scalable.
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1.2. Possible Approaches to Scalable I/O in Exa-scale Systems

We briefly discuss some potential solutions to improve I/O performance and scalability

and challenges associated with them.

1.2.1. Utilizing new storage hardware

The various storage device has been proposed in the past decade to replace rotating hard

disk to improve performance. Those devices are not only faster but also more flexible to

a different type of I/O patterns. They provide enough performance to handle the data

generated by modern HPC applications. However, due to their high cost, it is prohibitively

expensive to replace traditional hard disk-based storage systems entirely with these new

devices. Usually, they are deployed in limited quantity in modern HPC systems to serve as

a buffer to the traditional hard disk-based parallel file system. As a result, the I/O stack

in modern supercomputers becomes deeper and deeper. The existing software must adapt

to increasing depth of the I/O stack to achieve I/O high performance. In consequence,

managing data efficiently across layers in the I/O stack becomes a challenge to applications

and I/O libraries.

1.2.2. Data reduction

Instead of increasing I/O performance to meet the demand, an alternate approach is to

reduce the size of the data. An obvious solution is to compress the data before writing

to the file system. While it may not reduce I/O time for applications due to time spent

on compression and decompression, the I/O bandwidth is being used more efficiently. It

allows the same I/O resource to serve more running jobs. An undesirable side effect of
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compression is that the data generally must be compressed and decompressed as a whole.

This limitation makes parallel access to compressed data difficult. Due to its complexity,

applications usually rely on I/O libraries or middlewares to handle compressed data.

Supporting parallel I/O on compressed data efficiently then becomes a challenge faced by

all I/O library developers.

1.2.3. Improve I/O pattern

The amount of data is not the only determining factor of I/O workload. Due to the

characteristic of the underlying storage device and the design of the particular PFS, per-

formance is usually very sensitive to I/O pattern. Generally, I/O operations involving

fewer I/O requests to large chunks of contiguous data are easier to the PFS than frag-

ment I/O requests of discontiguous chunks. I/O pattern that aligns with the file system

block or stripe boundary can also be handled more efficiently. Common approaches to

improve the I/O pattern includes I/O aggregation, data buffering, subfiling, and log-based

storage layout. I/O aggregation and buffering require additional memory space that can

compete for limited memory resources with the application. Other solutions also require

accommodation from the application.
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1.3. Exploring Scalable Parallel I/O Solutions on Exascale Systems

In this dissertation, we study the ideas mentioned in subsection section 1.2. The article

is divided into four chapters. Each chapter presents a project in which we apply one or

more of the ideas to a particular type of application. They are summarized below.

1.3.1. I/O aggregation using the burst buffer

In this project, we examine the features of burst buffers and study their impact on ap-

plication I/O performance. We demonstrate that burst buffers can be utilized by parallel

I/O libraries to significantly improve performance. By offsetting the data onto the burst

buffer, we can enable I/O aggregation without regard to available memory. We extend

PnetCDF to store individual I/O requests on the burst buffer in a log-based format and

later flush them to the parallel file system as one request. We evaluated our implemen-

tation by running standard I/O benchmarks on Cori, a Cray XC40 supercomputer at

NERSC with a centralized burst buffer system, and Theta, a Cray XC40 supercomputer

at ALCF with locally available SSDs. Our results show that IO aggregation in high-level

I/O libraries is a good way to use burst buffers on modern supercomputers. We will

discuss details of this work in subsection chapter 3.

1.3.2. Checkpoint compression

In this project, we explore the idea of speeding up the I/O operation by compressing the

data before writing to the file system. We augmented OpenAD in the MITgcm framework

to write checkpoints in a compressed form. We study the effect of different compression

algorithms on different applications. We show that it is possible to reduce end-to-end
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I/O time by compressing the data. We will discuss details of this work in subsection

chapter 4.

1.3.3. Paralle I/O framework for compressed NetCDF variables

In this project, we design and implement the variable compression feature in the Parallel

NetCDF library. Our design employs the same concept of chunking used by the HDF5

library, but we focus on enabling I/O aggregation across multiple requests to address

the challenges of performance and scalability. We demonstrate the idea of using I/O

aggregation to amortize the communication cost to synchronize chunk access. We evaluate

our solution using the I/O kernel of real-world scientific applications and analyze the

impacts of data compression on parallel I/O performance. Experiment results suggest that

handling multiple requests at once can significantly improve the parallel I/O performance

on chunked and compressed data. We will discuss details of this work in subsection

chapter 5.

1.3.4. Log-based storage layout for HDF5 datasets

In this work, we introduce a log-based storage layout for HDF5 datasets. HDF5 is a

popular file format and I/O library among scientific applications. Despite its strong func-

tionality, the performance of HDF5 is subpar to libraries explicitly designed for parallel

I/O, such as PnetCDF and ADIOS, especially when the I/O pattern is complex. One of

the contributing factors is the overhead to rearrange the data in canonical order which is

required by the HDF5 format. Log-based storage layout is known to produce an efficient
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write pattern as it delays the rearranging overhead to the reading stage. However, a log-

based layout generates additional metadata to describe the logical position of the data.

We explored several techniques to mitigate the metadata overhead, including encoding,

deduplication, and compression. Experiment results show the effectiveness of our meta-

data reduction methods and that our solution can match or exceed the performance of

other I/O libraries. We will discuss details of this work in subsection chapter 6.
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CHAPTER 2

BACKGROUNDS

In this subsection, we provide some background related to this dissertation.

2.1. Storage System on HPC Systems

2.1.1. Parallel file system

Usually, the primary persistent storage on a supercomputer is a Parallel File System

(PFS). PFS provides global shared storage for all compute nodes. They are designed

to support high-performance parallel access to shared files. Most PFS store data on a

set of dedicated storage servers separate from the compute nodes. The storage servers

are connected to the compute nodes either directly on the network or via dedicated I/O

nodes. Files are usually divided into stripes that are distributed across multiple servers

to improve performance. Notable PFS implementation includes GPFS [1] and Lustre [2].

2.1.2. Burst buffer

Burst Buffers are faster storage devices usually placed in front of the PFS to absorb burst

in I/O demand. While various devices can be used to implement burst buffers, most of

the implementations use the Solid State Drive (SSD). They are abundant in the market

and ubiquitous in computing devices. SSDs can be implemented using various storage

media and technologies. As a result, they have diverse characteristics in terms of cost
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and performance that fit a wide range of positions in the I/O stack. Many supercomput-

ers nowadays incorporate SSDs to improve performance. Cori at NERSC employs Cray

Datawrap [3], a burst buffer solution made of SSDs that can be requested in by jobs.

Theta at ALCF has 2 SSD per cabinet shared by local nodes as the burst buffer.

2.1.3. Non-volatile random-access memory

Non-volatile random-access memory (NVRAM) is a type of Non-volatile memory that

provides a memory-like interface instead of a disk-like interface of SSDs and memory

sticks. One of their advantage, compared to other non-volatile memory, such as SSDs, is

that they support random-access without little to no performance penalty. It allows them

to serve a wide range of roles in an HPC system. They can be configured to serve as an

extension to the main memory, to serve as local storage for the application, or to serve

as the burst buffer to the PFS. The performance and the cost of NVRAMs sit in between

the system memory and disk-like non-volatile memory, such as SSDs. As a result, they

are often placed right below the main memory in the I/O stack. NVRAMs are relatively

new to HPC systems. At the time of this writing, the only supercomputer incorporating

NVRAMs is Summit [4] at ORNL.
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2.2. Parallel I/O Libraries and Middlewares

2.2.1. MPI-IO

MPI-IO [5, 6] is part of the MPI standard that provides an interface for multiple processes

to access the same file. It is a low-level I/O middleware with a POSIX-like API. MPI-IO

provides many convenient features for file sharing. One is a derived datatype that can

be used to define non-contiguous regions in the file and the memory space. Another one

is the file view that restricts the I/O operation of a process to part of the file, so the

user does not need to seek past space that belongs to other processes explicitly. MPI-

IO includes an abstraction layer called Abstract Device I/O (ADIO) that apply different

optimization strategy on different file systems to ensure efficient I/O operation under

different environment. In the past, MPI-IO has been chosen by many high-level I/O

library developers as the I/O middleware between their library and the operating system.

2.2.2. NetCDF and PnetCDF

NetCDF (Network Common Data Form) [7, 8] is a self-describing, machine-independent

(portable) data format for array-oriented scientific data. In a NetCDF file, user data

are stored in multi-dimensional arrays called variables. The size of variables is defined

using global shared dimensions. Attributes can be added to describe variables and the

file. In the newer NetCDF-4 standard, users can create groups to organize variables and

attributes.

The NetCDF library is a high-level I/O library for accessing NetCDF files developed

by unidata. It provides an abstract view of the NetCDF file so applications can access

the NetCDF file without the need to deal with the NetCDF file format. PnetCDF [9] is
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a parallel alternative to the NetCDF library. It supports parallel I/O on classic NetCDF

files using MPI-IO. For more details regarding NetCDF and PnetCDF, please refer to

section 5.1.3.

2.2.3. HDF5

Hierarchical Data Format version 5 (HDF5) is a file format designed to store a large

amount of data. Similar to NetCDF, the HDF5 format is also self-describing and machine-

independent. In an HDF5 file, user data are stored in multi-dimensional arrays called

datasets. Datasets are organized into groups. Attributes can be added to describe groups

and datasets. Internally, data objects are indexed using a B-tree. Compared to NetCDF,

the HDF5 data model offers more functionality such as chunked storage layout, data filters

(see section 5.1.1), and user-defined datatype.

HDF5 library is a high-level I/O library for accessing HDF5 files. Applications can

access HDF5 data objects by providing a path similar to accessing files in the file system.

HDF5 library supports various I/O modes and middlewares, including POSIX I/O for

sequential applications and MPI-IO for parallel applications. Due to the rich set of library

features and the flexibility of the data model, it has gained a huge user base in the HPC

community.

2.2.4. ADIOS

The Adaptable IO System (ADIOS) provides an easy and flexible way for applications to

write their runtime variables to the file. The I/O pattern is predefined by the application

using an XML file. ADIOS differs from other I/O libraries in the way it stores the data.
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It uses a log-based storage layout in which the data from processes always append one

after another regardless of the I/O pattern from the application. They place an index at

the end of the file to track scattered pieces of variables to provide the applications with

a global view when reading variables. Since the contiguous I/O pattern is known to be

efficient on most PFS, ADIOS usually achieves higher write bandwidth compared to other

I/O libraries on applications that write complex I/O patterns.
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CHAPTER 3

I/O AGGREGATION ON BURST BUFFER

Historically, storage technology has struggled to keep pace with processing power. As

CPUs have become faster each year, hard disks – although increasing largely in capacity

– have not improved much in access speed [10]. This disparity has created an increasingly

challenging environment for modern HighPerformance Computing (HPC) systems, where

fast computation is paired with slow I/O. The I/O bottleneck heavily affects the perfor-

mance of many scientific simulations, as they typically generate large amounts of data.

The next generation (exascale) systems will likely have in excess of 10 petabytes of system

memory with applications generating datasets of similar size – as large as an entire Par-

allel File System (PFS)’s capacity in 2009. Without improvements to I/O systems, slow

disk speeds will make accessing file systems infeasible. To counter this trend, strategies to

incorporate faster devices into the I/O stack have been proposed [11, 12, 13, 14]. The

most common strategy is the use of Solid State Drives (SSDs) a new type of storage device

that is faster than the hard disk. Modern HPC systems are now starting to incorporate

SSDs as a burst buffer that is accessible to users.

While burst buffers are now becoming more common on supercomputers, the use of

this new technology has not been fully explored. In the literature, burst buffers have

been used by file systems [15] and lower level I/O middleware such as MPI-IO [16]. To

our best knowledge, burst buffers have not yet been utilized in high-level I/O libraries,

i.e., I/O libraries that are built on top of other libraries to expose a high-level abstract
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interface, rather than merely byte offset and count as in POSIX I/O. Many high-level I/O

libraries [9, 7, 17] were designed at a time when hard disk-based PFS was the primary

storage target. Since SSDs have different characteristics from hard disks, some design

choices made at that time may no longer be ideal when burst buffers are available. As a

result, for high-level I/O libraries to utilize the new hardware effectively, new approaches

are needed for the modern IO hierarchy.

In this chapter, we explore the idea of using a burst buffer to do I/O aggregation in a

high-level I/O library. Due to the physical limitations of hard disks, and the way modern

PFS handle parallel I/O operations, writing large and contiguous chunks of data is more

efficient than writing many small and more fragmented ones [18]. We conclude that the

burst buffer is an ideal device to aggregate I/O requests; by storing the data of write

operations on the burst buffer to later flush, we have the opportunity to turn many small

write requests into larger ones without consuming limited system memory space. This

concept is already proven effective in lower-level I/O middleware [16].

We developed a lightweight module in the PnetCDF (Parallel-NetCDF) [9] library to

make use of burst buffers for I/O aggregation. The module intercepts write requests from

the user application and saves them in the burst buffer using a log based structure. A

log entry is created to record every write request in a high-level abstract representation,

which is later used to generate aggregated I/O requests to the PFS.

Performing I/O aggregation in the higher levels of the I/O hierarchy has many po-

tential advantages. The I/O requests generated by many scientific simulations are often

subarrays of multi-dimensional arrays. Aggregating at a high level allow us to retain

the structure of the original data. It can then be used by either the in-situ components
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of the application or the I/O library itself to improve performance or to support addi-

tional features. In section 3 for example, we demonstrate how to utilize this structured

information to resolve a major performance issue we encountered in our implementation.

Applications performing insitu analysis can also benefit by accessing the original data

structure directly from the log files stored in burst buffers. I/O request aggregation at

a high level reduce the memory footprint by preventing one subarray I/O request from

being translated into many noncontiguous requests when it is flattened out to a list of

offsets and length representations. Also, being closer to the application reduces the depth

of calling the stack, and hence the overhead.

Despite the benefits, I/O aggregation at the high level faces some challenges. One of

them comes from the limitation of MPI-IO which PnetCDF is built on top of. A single

MPI write call only allows the flattened file offsets in a monotonically nondecreasing

order, if the request contains multiple noncontiguous file regions. As a result, aggregation

by simply appending one write request after another may violate the MPI-IO file offset

order requirement. However, flattening all requests into offsets and lengths in order to

reorganize the request offsets to abide the MPI-IO requirement can be expensive. To

avoid the costly flattening operation, we calculate the first and last offsets of the access

regions which are sufficient to tell whether two requests overlap. This strategy allows us to

perform flattening only for the overlapping requests. In fact, enabling aggregation while

maintaining the I/O semantics can make the burst buffering layer infeasibly complex.

We make use of the semantics of user’s I/O intention to design a solution that balances

transparency and efficiency.
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We ran experiments on two supercomputers: Cori at the National Energy Research

Scientific Computing Center (NERSC) and Theta at the Argonne Leadership Computing

Facility (ALCF). We used IOR [19], FLASH I/O [20] and BTIO [21] benchmarks for

evaluation. We compared the performance of our approach with the case where a burst

buffer is not involved, aggregation at lower level, as well as using the burst buffer directly

as a high-speed file system and copying the data to the PFS later. The experiments show

that our burst buffer driver can increase the performance up to 4 times. It suggests that

I/O aggregation is a very useful feature in a high-level I/O library, and burst buffers are

the ideal tool for the job.

3.1. Related Work

Many supercomputer vendors have introduced their burst buffer solutions. One of the

widely adopted solutions is Cray DataWarp. DataWarp is a centralized architecture that

uses SSDs to provide a high-speed storage device between the application and the PFS in

hope to decouple computation and PFS I/O operation [3]. The burst buffer is mounted

as a file system on computing nodes. By default, DataWarp operates in striped mode.

The data is striped across the burst buffer servers. All processes running a job share the

same space. Files created on the burst buffer are accessible by all processes. We refer

to it as shared mode in this paper. Under this mode, there is only 1 metadata server

serving all the compute nodes. If data sharing is not needed, DataWarp can be set to

operate in private mode in which it works like a node-local burst buffer. Files created

by a process will not be visible to other processes, however, the capacity of the burst

buffer is still shared. The metadata workload is distributed across all metadata servers,
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preventing the metadata server from becoming the bottleneck. Bhimji et al. studied the

characteristics of DataWarp on well known applications and concluded that it delivers

significantly higher performance compared to the PFS [11, 15]. Hicks introduced a client-

side caching mechanism for DataWarp as DataWarp currently has no client-side caching

[22]. Dong et al. proposed a way to transfer data on the burst buffer to the PFS using

compute nodes [23]. They found that moving the file to the PFS using compute nodes

can be faster than having DataWarp staging out the file because of the limited number of

burst buffer servers that must serve all the compute nodes. Moving data with compute

nodes increases the overall performance and reduces resource contention on burst buffer

servers. Kougkas et al. introduced a distributed buffering system that automatically

manages data movement between different memory layers and storage hierarchy. Their

system covered a wide range of storage devices including non-volatile memory, burst buffer

and PFS [24]. The role of the burst buffer is also explored by other researchers. The

most popular is using the burst buffer as a cache to the PFS. Most applications do not

maintain a constant I/O demand throughout the execution, instead, I/O requests tend to

arrive in a burst followed by a period of silence [25]. Placing a buffer before the PFS helps

smooth out the peak of the demand, allowing more efficient utilization of PFS bandwidth.

Wang et al. introduced a log-styled data structure to record write requests from the user

application and a mechanism that flushes the data to the PFS in the background [15].

A similar concept was proposed by Sato et al. [26] where they utilized the burst buffer

to develop a file system that aims to improve check-pointing performance. Kimpe et al.

introduced a log-based buffering mechanism for MPI-IO called LogFS [16]. It records low-

level I/O requests in a log-based data structure on the burst buffer. Requests are indexed



30

in an R-tree structure of the start and end offset they access. To generate non-decreasing

aggregated request, they sort every branch of the R-tree into increasing order. LogFS

is implemented either as a standalone library or as an MPI-IO module. The common

design characteristic of these approaches is that they put the burst buffer at a lower level

in the I/O stack. At such level, the information provided is low-level offset and count

instead of abstracted high-level descriptions such as variable and range. Log-based data

structures have long been used to organize data on a storage media. Bent et al. developed

a virtual parallel log structured file system that remaps the preferred data layout of user

applications into one which is optimized for the underlying file system [27]. Rosenblum

and Ousterhout designed a file system that stores data using a log-based structure [28].

Dai et al. designed a log-structured FLASH I/O file system that is tailored for buffering

sensor data in microsensor nodes [29].

3.2. Design of the Burst Buffer Layer

We implemented the burst buffer I/O driver in PnetCDF for I/O aggregation. It

intercepts write requests from the user application and records them on the burst buffer.

Other requests such as file initialization and attribute write are carried out on the PFS as

usual. The only difference in the file produced by the burst buffer driver is the I/O pattern.

Such transparency eliminates concern on compatibility. The burst buffer driver can be

enabled by an environment variable without the need to modify the application. In this

way, it benefits legacy programs that were not optimized for modern storage hierarchy.

The burst buffer driver allows application developers to write data in whichever manner

fits their needs with less concern on performance.
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Figure 3.1. Handling variable write request. The burst buffer driver is
shaded in light blue. Data are shaded in light green while metadata re
shaded in pink. Blue arrows show the data flow when writing to the burst
buffer. Orange arrows show the data flow when flushing to the PFS.

Figure 3.1 gives a summary of the design. Our burst buffer driver is marked blue with

a bolded outline. Solid green arrows show the traditional data flow of PnetCDF. Dashed

blue arrows and red arrows show the data flow of buffering on burst buffer and flushing

to PFS respectively.
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3.2.1. File creation

When a NetCDF file is opened, the burst buffer driver initializes a log consisting of two log

files on the burst buffer: a metadata log, and a data log. The data log stores the request

data of I/O requests while the metadata log stores other information describing the I/O

request. Log entries are recorded in pairs; a metadata log entry always binds to a data

log entry and vice-versa. Each pair of log entries represents an I/O operation made by

the application. Successive entries are appended to the log file in a linear fashion. Since

request data is only needed when flushing the log entries, separation of request metadata

and request data allows efficient traversal of metadata entries without the need to do file

seeks. It also eliminates the need to reorganize the data before sending it to the PFS

when flushing the log.

In order to work efficiently on different burst buffer architectures and configurations,

we support two log file to process mappings - log-per-process, and log-per-node. In the

log-per-process mapping, each process will create its own set of log files. Without the need

to coordinate with other processes, data can be accessed in an efficient way. One concern

of log-per-process mapping is that when the number of processes is large, the workload

of log file creation can overwhelm the metadata server, causing performance issues. This

problem affects centralized burst buffers the most as the number of burst buffers does not

increase when the application scales. For example, the DataWarp on Cori uses only one

metadata server to serve one job. The metadata server becomes a bottleneck when every

process tries to create log files. Because of such issue, log-per-process mapping only works

well on node-local burst buffer or in architectures where the workload is distributed. We

will demonstrate this problem in the experiment section.
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Since we are likely to have a large number of processes in an exascale environment, we

need to reduce the metadata workload in case we are using a shared burst buffer. Log-

per-node mapping is designed to alleviate the issue faced by log-per-process mapping on

initialization by reducing the number of files created. Processes in the same node share the

same pair of log files. The file is divided into blocks and those are assigned to processes in

a round robin fashion so that every process has its own space as if having its own log file.

Modern supercomputers can hold tens of processes in a single node. The number of log

files created can be reduced significantly, mitigating metadata workload issues. However,

file sharing may affect the performance of data access. For applications that do not suffer

from file creation overhead, log-per-node mapping may not be beneficial.

3.2.2. I/O operations

PnetCDF only involves the burst buffer for write requests. It intercepts variable write

requests and records them in the log on the burst buffer. Other request types including file

initialization, adding attributes, defining dimensions, and read operations pass through

to the default I/O driver. They are carried out directly on the PFS in the usual way

as the burst buffer driver is not involved. If the I/O request tries to read the data that

is still buffered in the log, the log is flushed to bring the NetCDF file on the PFS up

to date before carrying out the operation. Since NetCDF files are mostly used to store

checkpointing data or simulation results, we do not expect read after write scenario to

happen frequently to the extent that causes performance problems for doing a flush before

any variable read. We keep track of several file properties that can be affected by buffered

variable data such as the size of the number of records in a record variable in order to
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prevent flushing the log on simple file property querying operation. The log is also flushed

when the file is closed, when the user performs a file sync, and when the user explicitly

requests a flush.

Figure 3.2. An overview of burst buffer driver. Blue arrows show the data
flow when writing to the burst buffer using the burst buffer driver. Red
arrows show the dataflow when flushing the data to the PFS. Green arrows
show the original data flow when the burst buffer is not in use.

Figure 3.2 summarizes the process to record a variable write call and its reconstruction

when flushing. Blue arrows indicate the data flow when the application makes a write

API call. Red dashed arrows show the data flow when flushing the log. Thin dashed gray
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arrows indicate a pointer that links the metadata to the data as well as log file to NetCDF

file.

3.2.3. Log file format

The flexibility of PnetCDF interface brings another challenge to log format design. The

user can write to a variable using a variety of operations. A log format that records all

types of operations will be too complicated to implement as a light-weighted module. Due

to this concern, our log only records one category of operations – writing to a subarray of

a variable. We assume every write operation writes to a rectangular sub-region within a

variable. An optional stride can be specified along each dimension to skip cells in between.

Operations that do not fit this format are being decomposed into many operations that fit.

We also translate all user-defined datatypes to native types before recording the operation

in the log to eliminate the need to deal with derived types.

The metadata log consists of a header followed by metadata entries. The header

records information about the NetCDF file as well as the number of log entries. Each

log entry describes one I/O operation. It includes the type of the operation, the variable

involved, the location within the variable, the shape of the subarray to write, and the

location of corresponding data log entry. Since variables have a different number of

dimensions, the size of the metadata log entry varies. For performance consideration, a

copy of metadata log is cached in the memory during the entire file open session. The log

file is purely a backup in case of interruption.

The header of the data log does not contain any information except for a serial for

identification purpose. A data log entry only records the data passed by the application in
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the request related to its corresponding metadata entry. The data in the data log is in the

native representation of the underlying hardware, enabling us the possibility to read from

the data log directly without the need of conversions. For example, an analysis program

running in parallel can retrieve the data directly from the data log without flushing the

log to the PFS. Although it is not implemented in the current version of the burst buffer

driver, we are considering supporting such functionality in future releases.

3.2.4. Flush data to PFS

Although the data on the burst buffer can be flushed by simply repeating every I/O

operation recorded in the log, doing so will not provide any performance advantage but

only the overhead of a round trip to the burst buffer. Instead, we want to combine all the

recorded requests into one. This aggregation step is the key to performance improvements

in our burst buffer driver.

Unfortunately, MPI-IO, which PnetCDF is built on, requires that the displacement

of each file section accessed within a single I/O request needs to be monotonically non-

decreasing [29]. This restriction prevents us from taking the straight-forward solution

of appending all aggregated requests one after another. Instead, we can only aggregate

consecutive requests where file offsets accessed by a request are all before that accessed by

later requests. Since variables in a NetCDF file are stored one after another, aggregation

is only possible when the application accesses them in the order they are stored. Fur-

thermore, a subarray of a high-dimensional variable, when being flattened into offset and

length, maps to many non-contiguous regions that span across a great range. Even two

non-overlapping subarrays can produce decreasing access offset when stacked together.
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Figure 3.3. Variable Space vs. File Space. Two submatrices marked blue
and red are completely separated in a 2D variable. However, their file space
interleves with each other.

Figure 3.3 demonstrates this scenario. The blue and red subarrays do not logically

intersect each other, but the range they access in the file space do intersect. Due to the

reason above, the chance of applying successful aggregation becomes very slim even under

usual I/O patterns. In the worst I/O pattern, we are set back to do one request at a time,

making buffering meaningless.
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To overcome the problem above, we want to rearrange the data so that every offset

and length in the aggregated request are in increasing order. However, the computational

cost can be prohibitive. Because the way variables are stored in the file, it is possible to

have 2 requests in which neither of them accesses only regions before all accessed regions

of the other. In such case, these two requests cannot be put together no matter the order.

We call these 2 requests interleaved with each other. To deal with interleaved requests,

we need to break the requests down into offset and length for reordering. To do so, we

need to flatten all requests out into a long list of offsets and lengths and sort them into

non-decreasing order. Sorting such huge amount of offset and length imposes a significant

drag on the performance. Sorting also takes additional memory that can otherwise use

to achieve larger aggregation size.

To mitigate the impact of sorting, we take advantage of the original data structure

to eliminate unnecessary reordering tasks. Since each request is writing to a rectangular

array, every offset it accesses is already in non-decreasing order. Reordering regions within

a request is totally unnecessary. Also, if two requests are not interleaving each other, we

can simply reorder them as a whole; there is no need to break them down for reordering.

Using these properties, we came up with a two-level reordering strategy, a high-level

reordering followed by a low-level reordering. We start by sorting requests by the first

byte accessed. It ensures that any 2 adjacent requests that do not interleave each other

can be safely stacked together as an aggregated request. Later, we scan through the sorted

request for interleaved requests. This can be done by comparing the offset of the last byte

accessed by one request to the offset of the first byte accessed by the other. Whenever 2

consecutive requests interleave each other, we combine them as a large request which can



39

also interleave with later requests. A low-level reordering is then performed within each

of the combined requests to make sure those offsets are in non-decreasing order. Finally,

we can safely stack all requests together as a single aggregated request.

Figure 3.4. Two-level reordering strategy. Submatrices are colored accord-
ing to their group. For submatrices in different groups, they are guaranteed
to not interleve each other in the file space.
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The method described above is demonstrated in Figure 3.4. Each submatrix corre-

sponds to one request. The number indicates its order after high-level reordering. Re-

quests of the same color are in the same group for low-level reordering if there is more

than one request within the group. Requests in different color do not intersect each other

in file accessing range. After reordering requests within each group, it is safe to stack all

request together to obtain aggregated request.

In practice, we may still not be able to aggregate all requests together due to buffer

size limitation. The driver continues to include requests in the order they are recorded

until the buffer space runs out. It then reads from the log for data and descriptions of the

requests to construct an aggregated request. Since the amount of data, as well as buffer

size limit, can be different on each process, some processes may need to flush the data in

more rounds than others, processes must agree on the number of rounds required to flush

in collective I/O mode.

3.3. Experiment

We ran the experiments on two supercomputers, Cori and Theta. Cori is a Cray

XC40 supercomputer at NERSC [30, 31]. It has 2,388 nodes connected by Cray Aries

with Dragonfly topology providing 5.625 TiB/s global bandwidth. Each node has 2 Intel®

Xeon™ E5-2698 v3 processors providing 32 cores/64 threads that are matched with 128

GB DDR4 2133 MHz memory. The parallel file system used on Cori is Cray Sonexion

2000, a Lustre with 248 OSTs on 248 servers. Together, they can deliver 744 GiB/s

of peak bandwidth. The DataWarp implementation on Cori a centralized burst buffer

consisting of 288 servers shared by all compute nodes and providing 1.7 TiB/s of peak
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I/O performance. At the time of our experiments, the burst buffer was in its first stage

where the only supported type of data management operations were copying the entire

file form and to the PFS. In the experiments, we used the shared mode configuration and

then sml_pool which has 80 servers. We set stripe count to 64 on both the burst buffer

and Lustre. The stripe size on Lustre is set to 8 MiB to match the 8MiB stripe size of

the burst buffer. We ran 32 MPI processes per node on Cori.

Theta is another Cray XC40 supercomputer at ALCF. It consists of 4,392 nodes

connected by a 3-layer Aries Dragonfly network. Each node is equipped with a 64 core

Intel KNL 7230 processor, 16 GiB of MCDRAM, 192 GiB of DDR4 memory. Unlike Cori,

Theta does not have a centralized burst buffer file system. Instead, there is an SSD in

each cabinet that can be accessed locally by nodes in the cabinet. The model of the SSDs

is either Samsung SM951 or SM961 SSD. The Lustre on Theta has 56 OSTs. We used 8

MiB stripe size and stripe count of 56 in the experiment. We ran 64 processes per node on

Theta. We ran the experiment on both machines using up to 4,096 processes. To mitigate

interference from system loading, every single experiment is repeated at least twice. The

best run is selected to represent the results.

3.3.1. I/O benchmarks

Our performance evaluation uses three well-known I/O benchmarks: IOR [19], FLASH

I/O [20], and BTIO [21]. IOR is a well-known synthetic benchmark used within the I/O

community to test the performance of PFS with configurable access patterns through a

wide variety of interfaces. The file is made up of segments and each segment is made

up of blocks. Each process is responsible to write 1 block within a segment. In each
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iteration, processes write a fixed amount called transfer size to its corresponding block

until it is filled. The processes then move on to the next segment [32]. We use IOR

to simulate 2 different patterns: contiguous and strided. While running the contiguous

pattern the block size and the transfer size are set to be equal, making the aggregated

access domain contiguous. The workload resembles the pattern of appending records to

the file, a common I/O pattern in parallel-computing jobs. For the strided pattern, we

write only 1 segment. Transfer size is set to a divisor of block size so that each process

writes a portion of its block in each iteration. This setting creates a strided access pattern

in the file space which is expected to cause performance problems when doing small I/O

without aggregation as the access domain maps only to a subset of file servers while

leaving other servers idle. In both cases, we write a total of 64 MiB per process. We used

various transfer sizes to study the behavior of our model under different I/O request sizes.

The FLASH I/O benchmark [20] is extracted from the I/O kernel of a block-structured

adaptive mesh hydrodynamics simulation program base on FLASH I/O [33, 34], a modu-

lar and extensible set of physics solvers, maintained by The FLASH I/O Center for Com-

putational Science’s [35]. The computational domain is a 3-dimensional array divided

into equal sized blocks. Each process holds 80 to 82 blocks to simulate load imbalance.

The block size, which is configurable, along with the number of processes determines the

total I/O size. The simulation space is represented by 24 variables. It generates a check-

point file containing all variables and 2 plot files containing only 4 variables. We set the

block size to 16 x 16 x 16, resulting in roughly 75 MiB of write amount per process. This

amount written by each process consists of the size of checkpoint file and the 2 plot files.
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BT-I/O [21] is derived from the Block Tri-diagonal (BT) solver as part of the NAS

Parallel Benchmarks (NPB) [36]. The BT solver involves a complex diagonal multi-

partitioning in which each process is responsible for multiple Cartesian subsets of the

entire data set. Such a division often results in a high degree of fragmentation at the

output stage where all processes need to combine their fragmented regions into one shared

file [21]. The I/O size of BTIO is controlled by the size of the global mesh point array

as well as the number of iterations. Due to the unique way BTIO distributes data across

processes, it exhibits a complex file layout and access patterns. We studied both weak

and strong scaling cases in BTIO. In the strong scaling experiment, the array size was

set to 512 x 512 x 512 and number of iterations to 8. This setting produced 5 GiB per

iteration and a total size of 40 GiB. In the weak scaling experiment, the first 2 dimensions

of the array were adjusted so that each process writes 40 MiB. Other settings were kept

the same as the strong scaling case.

3.3.2. Compare with PnetCDF blocking I/O

To evaluate performance gains in I/O aggregation using the burst buffer, we compare the

bandwidth of each benchmark against PnetCDF blocking collective APIs. The results

from Cori and Theta are shown in Figure 3.5 and Figure 3.6 respectively.

As we expected, the performance on IOR strided pattern without aggregation is poor

unless the size of individual fragment is very large. The burst buffer driver improves the

situation significantly by aggregating small writes into a whole block. Once the combined

region across all processes covers the entire file, the strided I/O pattern is turned into the

more efficient contiguous pattern. The burst buffer driver improves the performance by
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Figure 3.5. Bandwidth and Execution Time on Cori. The lines show the
andwidth measured by the benchmark porograms. The bars show the end to
end execution time of each benchmark including time spent on computation.
In case the benchmark program did not finish within a reasonable time, we
present the bandwidth approximate by actuall size written in dashed lines
and hollow markers. Cases discussing LogFS characteristic is marked in "x"

up to 4.2 times on Cori and 3.8 times on Theta over the blocking collective I/O using

small transfer size. Even when the transfer size becomes large, the burst buffering still

outperforms the collective I/O by a large margin. However, for contiguous patterns, the

degree of improvement by burst buffering declines. Since the contiguous pattern is already
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Figure 3.6. Bandwidth and Execution Time on Theta. The lines show the
andwidth measured by the benchmark porograms. In case the benchmark
program did not finish within a reasonable time, we present the bandwidth
approximate by actuall size written in dashed lines and hollow markers.

near ideal, the benefit of aggregation becomes less significant except when the transfer

size is very small.

For FLASH I/O, the burst buffer driver does not show noticeable performance im-

provements. The reason is similar to the IOR contiguous pattern. Since FLASH I/O

divides its file space in an interleaved fashion, the combined region in a single PnetCDF

collective I/O operation forms a single large and contiguous block – an ideal I/O pattern.
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As a result, the remaining benefit of aggregation is only the potential reduction in the

number of I/O requests to the PFS. When the number of processes becomes large enough

to generate a combined size that saturates the aggregator buffer, the marginal advantage

is further reduced to merely a saving of collective I/O initialization. The burst buffer dri-

ver performs slightly slower than the blocking collective I/O, except for the case of 4,096

processes where the cost of collective I/O initialization starts to overtake the overhead of

burst buffer aggregation.

The advantage of the burst buffer driver is most obvious in BTIO. The complex file

layout of BTIO results in a non-contiguous I/O pattern similar to that in IOR strided

mode. This pattern usually results in poor parallel I/O performance for PFS even when

collective buffering is used. The burst buffer driver improves the performance by combin-

ing and reordering complex I/O patterns into one that is favorable to the file system. In

the weak scaling experiment, the burst buffer driver increases the I/O bandwidth by up

to 37% on Cori and 16% on Theta.

In the strong scaling experiment, the performance of blocking collective I/O decreases

when running on a large number of processes. The reason behind that is the way BTIO

divides the global array into small, non-contiguous requests. Moreover, the BTIO takes

more steps to write a single global variable when it is accessed in parallel by more pro-

cesses. The burst buffer driver remedies this by combining those fragmented I/O requests

into a contiguous one, largely improving the scalability. In this case, the burst buffer

driver increases the write bandwidths of up to 2.6 times on Cori and 4.3 times on Theta.
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In nearly all cases where raw PnetCDF I/O performance is not ideal, the burst buffer

driver can improve I/O performance by a significant margin. It suggests that I/O ag-

gregation is a simple yet very effective technique to increase I/O performance in an I/O

library. Regarding this, we recommend that other high-level I/O libraries should also

provide the feature or APIs to enable request aggregation. Doing so may significantly

improve the overall I/O bandwidth of the entire HPC system, allowing hardware resource

to be used more efficiently. In addition, the log-based data structure on the burst buffer

is a good solution to the task.

3.3.3. Compare with DataWarp stage out

Aside from I/O aggregation, the burst buffer can also be used in other ways. In a cen-

tralized burst buffer architecture, a straight-forward method to utilize the burst buffer is

to use it in place of the PFS. Instead of doing I/O on the PFS, we do it on the burst

buffer. The files on the burst buffer are then copied to the PFS when the job finishes. It is

interesting to find out how the performance of this approach compares to using the burst

buffer driver. Since this approach requires a centralized burst buffer, we only evaluate

it on Cori. We compare the bandwidth running each of the benchmarks using our burst

buffer driver using traditional PnetCDF API on top of the burst buffer. The time copying

the files from the burst buffer to the PFS is counted toward I/O time. We also want to

compare the time taken to write the data on the burst buffer as well as the time taken to

move the data from the burst buffer to the PFS using these two methods.

Contrary to our intuition, using the burst buffer as a PFS does not always improves

the performance. In many cases, it instead decreases the overall performance of all the
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Figure 3.7. Writing to Burst Buffer VS Flusing to PFS Time on Cori.

Figure 3.8. Writing to Burst Buffer VS Flushing to PFS Time on Theta.
To prevent large values from distorting the chart, we set an upperbound on
the vertical axis. Bars reaching the top of the chart indicate larger than
the maximum labeled value on vertical axis.

benchmarks regardless of configurations. The reason is that most of the time is not spent

on writing the file to the burst buffer but on copying it to the PFS using the function
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provided by the burst buffer server. The timing breakdown is shown in Figure 3.7. Since

there are only a fixed number of burst buffer servers that must be shared by all users, the

speed of moving files to the PFS does not scale with the number of processes.

On all of the benchmarks, the burst buffer driver significantly outperforms the case

using the burst buffer in place of the PFS. The overall performance of the burst buffer

driver is up to 70% faster for IOR contiguous pattern and up to 4 times faster for IOR

strided pattern. For FLASH I/O, the burst buffer driver is about 2 times faster than

DataWarp staging out. For BTIO, compared to DataWarp staging out, using the burst

buffer driver can be up to 3.9 times faster in the weak scaling case and 6.5 times faster

in the case of string scaling.

A more interesting point appears when we compare timing breakdown. In terms of

flushing the data to the PFS, the burst buffer only takes 32 computing nodes to achieve

a higher speed than the built-in file copying function provided by the burst buffer server

running on 64 servers. At 4096 processes, the burst buffer driver is more than 2 times

faster than the burst buffer servers when moving data to the PFS. In terms of I/O time

on the burst buffer, the burst buffer driver takes significantly less amount of time than

writing entire file on the burst buffer. Since the amount of data written to the burst buffer

is roughly the same, we may conclude that the I/O pattern can still affect performance

on the burst buffer similar to that on the PFS.

The results above suggest an important lesson - burst buffers should not be used to

replace the role of the PFS directly, a proper file structure is required to achieve high

efficiency when caching data on the burst buffer. Although I/O operations on the burst

buffer are much faster than that on the PFS, the speed of copying files from the burst
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buffer back to the PFS may become a bottleneck. Regarding this, we believe that the

role of the burst buffer is a temporary storage for the application to store disposable data

that will be discarded after the execution unless the underlying burst buffer architecture

supports efficient data movement between the burst buffer and the PFS. A good way to use

the burst buffer is to divert the data from the memory, freeing up space for computation.

3.3.4. Compare with Data Elevator

A major source of low performance of using DataWarp stage out is the time it takes to

copy the file from the burst buffer to the PFS. The issue is studied and discussed in [23].

The work showed that using compute nodes to move data to the PFS can be faster than

having the DataWarp server to move the files especially when there are more compute

nodes than burst buffer servers. Data elevator introduced a user-level service process that

runs in the background alongside the application to actively read files from the burst

buffer and write them to the PFS. With increased file copying performance, it may now

be feasible to use the burst buffer as a file system. Since the majority space of a NetCDF

file is occupied by variables. The amount of data moved by the Data Elevator should be

similar to the amount of data movement involved using our burst buffer drive. To find

out which solution performs better, we repeated the experiment in subsection C using

Data Elevator in place of DataWarp API. We used the latest version of Data Elevator (as

of Jun. 2018) with its default setting.

Because Data Elevator relies on background processes to move data from the burst

buffer to the PFS, the application need not stop when the file is being flushed to the PFS

until the end of the job. Due to this characteristic, it is difficult to measure the exact
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time spent on I/O. Instead, we present the end to end time from starting the benchmark

program and the background processes until both finishes. We do not present the result

on Theta because Data Elevator only works under global (shared) burst buffer as it does

not keep any metadata that is required to combine data scattered on nodes. The result

is shown in Figure 3.5. We are interested in comparing the burst buffer driver to Data

Elevator. On large and sequential I/O pattern, Data Elevator performs better than the

burst buffer driver. Data Elevator achieved 70% higher bandwidth for IOR contiguous

pattern. However, the burst buffer driver catches up when I/O size becomes small and

non-sequential. For IOR strided pattern, the burst buffer driver achieves up to 50% higher

I/O bandwidth. For BTIO, in both weak and strong scaling cases, the burst buffer driver

outperforms Data Elevator by around 70%. The two solutions are on par when the I/O

pattern falls in between the two extremes such as for FLASH I/O and IOR strided pattern

with large transfer size. In short, they complement each other.

The cause of such coincidence on performance characteristic of the two solutions is due

to the way the burst buffer is used. The burst buffer driver uses the burst buffer to store

organized log files. Regardless of the I/O pattern from the application, the I/O pattern

on the burst buffer is always contiguous. The Data Elevator, on the other hand, does not

regulate the files on the burst buffer. It redirects I/O operations from the user application

to the burst buffer as is. The I/O pattern remains the same as the original pattern given

by the application. Although SSDs are more resilient to noncontiguous I/O patterns

than hard disks, the performance penalty of non-sequential access is still significant. On

simple I/O patterns where the access is near sequential, both solutions write to the burst

buffer in an efficient way while the burst buffer driver bears the overhead of organizing
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the log files. On complex patterns, the performance gain form sequential access outweighs

the cost of additional computation. Although we cannot accurately measure the timing

breakdown of the Data Elevator due to its flush-in-background approach, we can still

confirm the reasoning above by comparing the time it takes to write to the burst buffer in

the DataWarp stage out approach in Figure 3.7. We can see that, on difficult benchmarks

such as BTIO, it takes the application significantly more time to write the native file to

the burst buffer in stage out solution than it takes the burst buffer driver to write log files

to the burst buffer.

3.3.5. Compare with LogFS

One of our motivation to design the burst buffer driver is the opportunity to utilize the

high-level information about the original data structure to increase the I/O performance.

To verify such advantage, we compare our burst buffer driver with LogFS [16]. The main

differences between the two are that LogFS records I/O operations in the broken-down

offsets and lengths representation while our burst buffer driver records it in its original

form, and that LogFS employs a tree structure to generate non-decreasing offsets on

aggregated request while our two-level reordering strategy relies on high-level information

to speed up the sorting process.

The experiment shows that LogFS performs poor on nearly all experiments except in

IOR strided pattern. For IOR contiguous pattern, the burst buffer driver achieved 50%

and 1.6 times higher bandwidth than LogFS on Cori and Theta respectively. For FLASH

I/O, the burst buffer driver achieved 3 times the bandwidth on Cori and 2 times the

bandwidth on Theta. For BTIO, LogFS could not finish within a reasonable time on larger
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runs so they are not shown in the charts. For IOR strided pattern, LogFS outperformed

all other solutions significantly. It achieved more than 4 time the bandwidth compares to

our burst buffer driver which is in the second place.

To understand such unusual behavior of LogFS, we did a deep profiling of LogFS flush-

ing procedure. We found that a majority of time is spent on posting MPI asynchronous

I/O. In ROMIO, MPI_File_iwrite_at is implemented using the AIO interface (POSIX

asynchronous I/O) which starts immediately writing data in the background once the

requests are posted. For the I/O patterns exhibited in the benchmarks used in our ex-

periments, its performance is expected to be worse than the collective I/O, because the

two-phase I/O is not used. For Lustre, it is known that the two-phase I/O arranges the

requests to avoid file lock conflicts and is critical to achieve high performance on parallel

computers. We show a few cases in Figure 3.5 to demonstrate that replacing the MPI

asynchronous writes with blocking collective writes does improve the bandwidths signifi-

cantly. From this experiment, we believe LogFS can perform equivalently well to our burst

buffering approach, if collective writes were used. We show a few cases in Figure 3.5 to

demonstrate that replacing the MPI asynchronous writes with blocking collective writes

does improve the bandwidths significantly. From this experiment, we believe LogFS can

perform equivalently well to our burst buffering approach, if collective writes were used.

There are several factors allowing LogFS to top the list on IOR strided pattern. First,

since each process only writes a single block in IOR strided pattern, the aggregated

I/O pattern is actually contiguous. On the other hand, processes in IOR contiguous

pattern write to multiple strided blocks, the aggregated I/O pattern is strided. It is

understandable that contiguous I/O access performs better. In addition, processes within
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the same node are given consecutive ranks. This arrangement caused the combined access

region within a single node to form a single large and contiguous chunk. As a result,

the I/O client on each computing nodes only needs to acquire lock from the PFS once,

eliminating the possibility of extended lock contention. In short, it achieved similar effect

of collective I/O but without the overhead of communication. In such case, it is possible

to LogFS to outperform other solutions doing collective I/O. Finally, variables in IOR

benchmark are all one-dimensional. In this case, LogFS does not surfer any disadvantage

compared to the high-level approach.

3.3.6. Performance analysis on log file to process pappings

Figure 3.9. Burst Buffer Driver Overhead with Different Log to Process
Mapping on Cori. To prevent large values from distorting the chart, we do
not show times beyond 4 sec. Bars reaching the top of the chart indicates
a time larger than 4 sec.

Other than the performance comparison with other solutions, we also want to find

out how different log file to process mappings affect the performance on different burst
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Figure 3.10. Burst Buffer Driver Overhead with Different Log to Process
Mapping on Theta. To prevent large values from distorting the chart, we do
not show times beyond 4 sec. Bars reaching the top of the chart indicates
a time larger than 4 sec.

buffer architectures. We expect the log-per-process mapping to work best on node-local

burst buffers while the log-per-node mapping to work best on centralized burst buffers.

To verify such assumption, we measure the time used by our burst buffer driver in each

step when aggregating I/O requests on the burst buffer. We found that the overhead is

dominated by only two steps – the time it takes to initialize logfiles as well as the time it

uses to exchange data with the burst buffer. The results on Cori and Theta are shown in

Figure 3.9 and Figure 3.10. Times taken by other steps are eliminated because they are

too short to visualize in the figure.

On Cori with centralized burst buffer, the cost to initialize the log increases signifi-

cantly when the number of processes increases. This confirms our concern of metadata

server contention. In an exascale environment with thousands or even millions of pro-

cesses. The initialization cost will be infeasibly high, rendering the idea useless. For this



56

reason, we suggest configuring the burst buffer to private mode whenever possible. Doing

so can largely reduce the initialization cost. Should there be a need to use striped mode,

Log-per-node mapping can be used to mitigate the contention because the number of files

it needs to initialize is reduced by a factor equal to number of the processes per node,

which can be high on larger systems. In our experiment, Log-per-node mapping reduces

the initialization cost by about 50%. However, since many processes are sharing one log

file, there will be a performance penalty on data access. In its implementation, the file

space is allocated to processes in a round-robin fashion, a necessary approach to deal with

unknown size of data. As a result, each process is assigned a non-contiguous file space,

forcing it to do non-contiguous I/O operations at the boundary of each block. For these

reasons, we expect slower data access on log-per-node mapping.

On Theta with node-local burst buffer, log-per-node mapping is not preferred. Since

data access time dominates the overhead of burst buffer driver, reducing file creation

does not provide any benefit on performance. Instead, log-per-node mapping significantly

slows down data access because local filesystem must maintain data consistency on shared

files. Overall, the overhead of the burst buffer measured on Theta is significantly lower

than that measured on Cori. The performance of the burst buffer is also more stable

on Theta. It is largely due to interference from other jobs in a centralized burst buffer

architecture and the fact that the number of burst buffers, and hence, the combined

bandwidth in node-local setup automatically scales up on larger jobs when more nodes

join the computation. It suggests that node-local burst buffer is a better choice for I/O

aggregation.
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3.4. Summary

In this project, we discover a new role of burst buffers in the high-level library. We

show the benefit of I/O aggregation in high-level library despite being more complicated

to implement. We designed a log-based data structure that balance between performance

and transparency. We take advantage of high-level information in a high-level I/O library

to speed up our aggregation operations. We implemented this idea as an I/O module in

PnetCDF that can be used by other applications. We found that simply redirecting files

to the burst buffer usually results in poor performance, suggesting that a new hardware

cannot achieve its full potential without the support of properly tuned software. We

demonstrate that I/O aggregation is a worth-considering feature to provide in a high-

level I/O library. We hope our study can benefit future I/O library developers.
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CHAPTER 4

A STUDY ON CHECKPOINT COMPRESSION FOR

ADJOINT COMPUTATION

Many scientific applications involve computing the gradient of cost functions or simu-

lation models. Gradients are usually used to estimate the sensitivity of model output with

respect to input [37] or to optimize an objective function. The adjoint state method is an

efficient numerical method to compute the gradient that is widely employed by automatic

differentiation (AD) tools [38, 39, 40, 41]. Every function can be decomposed into a se-

quence of basic operations. The gradient of a function can be computed automatically by

using the chain rule without manually deriving the derivative. The adjoint state method

computes the gradient by applying the chain rule iteratively on the sequence of opera-

tions in reverse order. In many cases, it involves much less computation than do methods

that follow the original order of the operations, such as the tangent linear model. By

recording every intermediate result when computing a function, the adjoint state method

can then be used to compute the gradient of that function in a more efficient way. It is a

powerful tool in many applications such as machine learning, data analysis, and scientific

simulations. In this chapter, we focus on adjoint computation in scientific simulation

applications where each operation can be viewed as an iteration of time steps.

Although the adjoint state method provides a computation speed advantage over meth-

ods that apply the chain rule in the forward direction, it does come with a major limitation
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– memory usage. In order to apply the adjoint state method, every step during the com-

putation of the function value along with its intermediate values must be retained. When

the method is applied to large-scale scientific simulations, the state of each iteration must

fit in the memory. When running simulation across a long time period, there can be

thousands or even millions of iterations. Even if the size of each individual checkpoints is

not large, the aggregated size across iterations can still be in terabytes or even petabytes.

Although memory capacity has increased significantly in recent years, it is still far from

enough to record the state of the entire simulation. In some cases, even the main file

system does not have enough space to store the entire history of simulation.

To perform the adjoint state method with limited memory capacity, we need to trade

time for space. Instead of saving the results of all iterations, we keep only a subset of them,

called checkpoints. Whenever the value of a non-checkpoint iteration is needed, we recover

it by restarting the simulation model from the nearest checkpoint [42]. Such an operation

is called recomputation. In addition to memory, checkpoints can also be stored on other

devices such as local hard disks, global parallel file system, or even tapes. These storage

media can be employed together to create multilevel checkpointing in which higher-level

(faster) checkpointing is used to recompute data between two lower-level checkpoints

[43, 44]. In many cases, the hard disk is used alongside the memory to create a two-level

checkpointing strategy. Different factors must be considered when doing checkpointing

on the hard disk. Unlike doing checkpointing in memory where storing and retrieving

checkpoints are virtually instantaneous, hard disk I/O involves a significant latency and

a limited bandwidth. Usually, disk-based checkpointing is bandwidth bound rather than

capacity bound; in other words, the number of checkpoints we can store (called the
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budget) is limited not by disk or file system capacity but by the amount of data we can

transmit from and to the storage device. The higher the bandwidth, the more budget

we have on checkpoints. Improving I/O speed gives us a larger budget for checkpoints

on the second level, which in turn allow the first-level budget to be applied to a shorter

period, reducing recomputation and increasing overall performance. When disk-based

checkpointing is applied alone as a single-layer strategy, reducing the I/O time leads to

direct improvement of overall execution time.

An intuitive way to speed the checkpoint I/O time is to reduce the size of the check-

point. A straightforward approach is to compress the checkpoints. However, it also

introduces the overhead of compression and decompression. The compression algorithm

must be efficient so that the saving from I/O time can cover its overhead, yet it also must

be effective in reducing the size of the checkpoints. When a lossy compression algorithm

is used, the error introduced may also become an issue.

Since I/O speed is known to be far slower than computation, the idea of applying

compression on checkpoints used for resilience purposes has been thoroughly explored

[45, 46, 47, 48]. In such application, most of the checkpoints will just be discarded after

execution unless there are anomalies that interrupts the execution. Unlike the check-

points created for resilience purpose where decompression time does not matter, every

checkpoint created by adjoint state method will be read back later, making decompres-

sion performance as important as compression performance. Form the other aspect, the

checkpoints in adjoint state method are not used to compute the simulation output but

only used to compute the gradient. As a result, the presence of error is more acceptable
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than checkpoints used for resilience purpose, giving us more opportunity to employ lossy

compression methods.

In this chapter, we study the concept of compressing the checkpoint data for a disk-

based checkpointing strategy used by adjoint computation. We run experiment using the

MITgcm [49, 50] simulation framework with OpenAD [38] for gradient computation. We

used Zlib [51] for lossless compression. For lossy compression, we tried ZFP [52, 53]

and SZ [54, 55]. We also tried to do checkpointing with reduced precision. We ran

experiments on a small cluster and stored checkpoints to the local hard disk. In the

experiment, we were able to reduce the checkpoint size by up to 90% and reduce the

checkpointing time by 87%. When using lossy compression, the error did not exceed 1%

even after tens of iterations. Overall, the experiment results suggest that compression is

a promising approach to improve disk-based checkpointing performance.

4.1. MITgcm and Automatic Differentation

4.1.1. Automatic differentation using the adjoint state method

An iterative function f : Rp → Rq can be viewed as a composite function of its iterations.

f(x) = fn−1 ◦ fn−2 ◦ . . . f0(x)

The function can be evaluated by iterate through the iterations.

x0 = x, xi = fi−1(xi−1), f(x) = xn

Applying the chain rule, one can compute the gradient of f as follows.
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∂xi

∂x
= f ′i−1(xi−1)∂xi−1

∂x
= x̄i−1

∂xi−1

∂x

where

x̄i = ∂xi

∂x

f ′(x) = ∂xn

∂x
= f ′n−1(xn−1)f ′n−2(xn−2). . . f ′0(x0) = x̄n−1x̄n−2...x̄0

The multiplication (accumulation) of x̄is can be done in either the forward (starting

from x̄00) or backward (starting from x̄n−1) direction. Usually, the number of output

variables is significantly smaller than the number of input variables (i.e., p � q) in

scientific simulation applications since the input variables are the initial state of the entire

simulation grid whereas the output variables are just a few features we are interested in. In

such cases, backward accumulation used by the adjoint state method involves significantly

less computation. However, every x̄is must be available in order to compute x̄is, leading

to the problem we are studying in this chapter.

The adjoint state method consists of a forward sweep and an adjoint (backward)

sweep. During the forward sweep, the intermediate steps to compute a function’s value

along with all intermediate values are recorded. The backward sweep follows recorded

steps in reverse order, applying the chain rule recursively along the way to calculate the

gradient of the function at the same point.

4.1.2. MITgcm

MITgcm is an atmospheric and oceanic simulation framework written mainly in Fortran.

It supports gradient computation using either the tangent linear or adjoint state method
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for sensitivity study or parameter optimization in some of the applications. OpenAD is

used for adjoint computation. MITgcm employs a single-level disk-based checkpointing

that uses a revolving scheduling strategy where the checkpoint budget is configurable. It

uses native Fortran I/O to read and write checkpoints. A file is created per process per

checkpoint. During each checkpoint, every variable in the simulation model is written to

the file one after another in its native representation. In order to retrieve the checkpoints,

data is read to the variables following the same order.

4.2. Supporting Checkpoints Comrpession in OpenAD

To perform data reduction, we reimplemented the checkpointing routine of MITgcm

in C. We performed compression on each variable before writing it to the file. We decom-

pressed the data read from the file before returning the results to the simulation routines.

We studied three types of data reduction method: reduced precision, lossless compression,

and lossy compression.

In the first study, we reduced the precision of floating-point values among the check-

point data. This approach can be viewed as a simple lossy compression method. MITgcm

by default stores all floating-point variables in double precision. We modified it to store

single-precision checkpoints by performing type casting between the variable and the I/O

buffer. This method applies only to floating-point data. We leave variables of other data

types unchanged.

To study the effect of lossless compression, we used the compression library Zlib [51].

We deflate variables before writing them to the file. When we needed to restore the check-

points, we inflated the data before putting them into variables. The size of compressed
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data was appended to the front of the compressed stream. Since small variables, such as

scalars, are likely to be expanded instead of compressed by Zlib, we set a threshold of 1

KiB on variable size to prevent such an issue.

For lossy compression, we used the ZFP library [52] developed at Lawrence Livermore

as well as the SZ library developed at Argonne [55]. ZFP takes a structure called the

field from the caller that contains the dimensionality and shape of the array to decide

the best compression strategy. It accepts fields only up to three dimensions. For higher-

dimensional variables, we merged its higher dimensions into the third (third fastest chang-

ing) dimension. We used ZFP in fixed-accuracy mode in which the error is bounded to

within 10−3. Similar to the lossless case, we compressed only those floating-point variables

with a size larger than 1 KiB. SZ also use the dimensionality and shape of the array to

help improve the compression results. It supports arrays with up to four dimensions. We

performed a transformation similar to that used in the ZFP case for arrays with higher

dimensionality. We set the error bound to 10−3 in absolute error to match the setting used

in ZFP. SZ supports two modes: best compression mode for better compression ratio (orig-

inal size / compressed size) and best speed mode for faster compression/decompression

time.

4.3. Experiment

Table 4.1. End to End Run Time

Program Origin Float Zlib ZFP SZ-S SZ-C
hs94 104.2 78.8 59.4 54.7 71.9 72.0
halfpipe 807.2 831.4 804.7 832.5 897.2 894.0
SZ-C and SZ-S refers to SZ library in best compression and best speed mode respectively.
Time is shown in seconds.
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We ran the experiment on a small cluster connected by Intel Omni-Path. Each node

is equipped with two Intel Xeon Platinum 8180M processors (56 cores in total) paired

with 384 GiB of memory. Each node has access to a GPFS, and two local SSDs. We use

GPFS in the experiment.

We evaluated the concept of apply compression on the hs94.1x64x5 (hs94) and halfpipe

stream-ice (halfpipe) example programs. Since checkpointing in MITgcm is done in a

file-per-process basis, evaluating on a single node should be sufficient to indicate the

compression ratio and its impact on performance. However, to measure I/O time more

accurately, we need to scale up the simulation to generate larger checkpoint files. More

nodes are then added in order to speed the computation. We used direct and synchronized

I/O to eliminate the interference of caches. We aggregated checkpointing data in the

memory so that there is only one I/O request per checkpoint. We used the latest release

of OpenAD (2014-03-15).

For the hs94 experiment, we used 256 processes on 4 nodes. We set tile size per process

to 256 x 1 and the number of processes along each dimension to 256 x 1. The resulting

grid is 65,536 cells evenly distributed across 180 degrees in the spherical polar grid. The

corresponding checkpoint size per iteration is about 437 MiB.

In the halfpipe experiment, we adapted the same scale as in [56]. We fixed the global

grid to 160 x 80 with 500 m spacing. Because of the smaller problem size, we used only 64

processes on a single node in this experiment. There are 8 processes on both dimensions,

each of them holding a 20 x 10 tile. The resulting data size per checkpoint is around 31

MiB. We used the same input files as in [56].
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4.3.1. Performance study

Figure 4.1. Results of hs94 experiment. SZ-C and SZ-S refers to SZ library
in best compression and best speed mode, respectively. Original checkpoint
size is 436 MiB. Checkpotining time is averaged across 32 iterations. Errors
are the maximum among the four sampled points.

To study the effectiveness of compression on increasing checkpoint performance, we mea-

sured the time spent on writing checkpointing files as well as time spent on doing com-

pression. We also measured the checkpoint size after each iteration.

In the hs94 experiment, lossless compression achieves a 90% compression ratio and 65%

reduction in checkpointing time. Performing checkpointing in reduced precision also re-

sults in 46% reduction in checkpointing time with negligible computational overhead. ZFP

achieves a 94% compression ratio and 86% reduction in checkpointing time. SZ achieves

a 98% and 99% compression ratio in best speed and best compression mode, respectively.

Because of its longer computational time, however, it reduces the checkpointing time only

by 51% and 41%. The best compression mode does not improve performance because

the reduction in size is not large enough to compensate additional time on computation.

We believe it can outperform other reduction methods if the checkpoint size is several

magnitudes larger. Overall, ZFP performs the best among all methods tested.
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Although the time spent on performing compression may exceed the time writing our

compressed data, it is still a fraction of the time we saved by reducing data size. We

can see in Table 4.3 that applying compression significantly reduces the overall execution

time of the simulation. Since even lossless compression can achieve a decent compression

ratio, we believe that checkpointing data in the hs94 example program is loosely packed

or contains many redundancies. Also, we can see that the compression ratio during the

first few iterations is significantly higher than in later iterations. In the first iteration, it

is nearly 99% regardless of the method used. This result suggests that the initial state of

the model may have low variance.

In the halfpipe experiment, lossless compression achieves an 84% compression ratio

and 43% reduction in checkpointing time. Performing checkpointing in reduced precision

results in a 34% reduction in checkpointing time. ZFP achieves a 65% compression ratio

and 59% reduction in checkpointing time. SZ achieves a 71% and 84% compression

ratio in best speed and best compression mode, respectively. SZ fails to improve overall

performance because it has a Huffman coding step which has a constant cost that slow

it down on small sized data. Contrary to intuition, lossless compression achieves the

best compression ratio. We think the reason is that the tile size is too small (only 20 x

10) for lossy compression to utilize information from adjacent cells or to do meaningful

block transformation. In terms of overall performance, ZFP again performs the best

because of its faster computational time. Unlike in hs94, the end to end execution time

does not reduce. We believe it is caused by the computation-intensive characteristic

of the halfpipe example. Only a fraction time is spent on checkpointing compared to

doing computation. In such case, the extremely small share of checkpointing time makes
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compression non-profitable. The small I/O time improvement may even not be measurable

due to measuring noise. In addition, running compression algorithm can also compete

cache resource with the computation, leading to slower overall execution time.

In all of our experiments, compression significantly reduces the checkpoint size. Even

when the improvement on performance is too small to be seen, it still reduces the load

on shared I/O resource for other applications in need. With neglectable computation

overhead, we can significantly speed up the checkpointing procedure while saving a large

amount of space and bandwidth. Our results suggest that compression is an intuitive but

effective way to improve I/O-based checkpointing performance or resource utilization for

adjoint computation.

4.3.2. Lossy compression error

Figure 4.2. Results of halfpipe experiment. SZ-C and SZ-S refers to SZ
library in best compression and best speed mode, respectively. Original
checkpoint size is 31 MiB. Checkpotining time is averaged across 32 itera-
tions. Errors are the maximum among the four sampled points.

A major concern about lossy compression is the error introduced. Even if we can bound

the error on the checkpoint itself, the error can be magnified when propagating across
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the model via recomputation. To utilize lossy compression for better compression ratio,

we want to make sure that the error is within a reasonable bound. MITgcm comes with

a gradient check module that reports the gradient of four points sampled from the simu-

lation grid. We compared the sampled gradient computed with compressed checkpoints

to that computed with the uncompressed one. We measured the relative error after 32

iterations. By controlling the number of checkpoint budgets, we can study how fast the

error propagate across the iterations via recomputation.

In the hs94 experiment, checkpointing with reduced precision introduces only negli-

gible error. ZFP also manages to keep the error lower than 1% even when given only

one checkpoint budget. SZ, on the other hand, introduces more error. Both best speed

mode and best compression mode result in around 7% deviation from the uncompressed

version on the gradient. Considering its extremely high compression ratio, such error is

understandable. In this experiment, the checkpointing budget, or the number of recom-

putations, does not affect the error significantly. This result suggests that errors are not

magnified when they propagate across iterations.

Since the halfpipe experiment is computationally intensive, performing many recom-

putations will be too slow. As a result, we started from a larger amount of checkpoint

budgets in this experiment. In the halfpipe_stream-ice experiment, all the methods tested

are able to keep the error lower than 1%. Using ZFP or checkpointing in reduced precision

introduces almost no error in the result. SZ again brings the most error because of its

high compression ratio.

Our experiment results suggest that the error will usually not do much harm when

applying lossy compression on checkpoints. For most applications, such as sensitivity
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study and parameter tuning, we believe that such an error rate is acceptable. Unless

precision is absolutely needed, lossy compression can be used to further increase the

checkpointing performance.

4.4. Summary

In this project, we studied the concept of applying data compression to reduce check-

point size. We implemented compressed checkpointing in the MITgcm framework and

evaluated the performance using different compression methods. We also investigated

the error propagation caused by lossy compression. Our results show that compression

can effectively reduce checkpoint size and increase overall performance when doing check-

pointing to a slow device. We believe it is a good answer to the bandwidth limitation of

I/O-based checkpointing architectures.

4.4.1. Future work

We briefly describe two possible research direction related to applying compression in

checkpointing.

4.4.1.1. Extension to memory-based CP. Although we focus on I/O-based check-

pointing in this chapter, the concept can also be applied to memory-based checkpointing.

Since memory access can be considered as instantaneous, compression cannot reduce

checkpointing time; instead, it reduces space usage. Less space usage means a larger

checkpoint budget and less re-computation. Unlike the case of I/O-based checkpointing

where I/O time is linearly related to checkpoint size, applying compression on memory-

based checkpointing is more complicated. The effect of checkpoint compression on overall
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performance depends on the checkpoint scheduling strategy and the complexity of the

model. As a result, the effectiveness needs to be studied in a case-by-case fashion.

4.4.1.2. Scheduling algorithm. Many checkpoint scheduling strategies are being pro-

posed that optimize performance on many scenarios. Many of these strategies assume

that checkpoint size remains the same across all iterations; however, such an assump-

tion may not hold true when compression is applied. It is not the case after checkpoints

are compressed. In addition, many strategies consider that memory-based checkpointing

does not take time to complete. This assumption no longer holds when we need time

to do compression and decompression. In order to achieve the best performance using

compression, a tailored scheduling strategy is needed.
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CHAPTER 5

EFFICIENT PARALLEL I/O FOR CHUNKED AND

COMPRESSED CLASSIC NETCDF VARIABLES

As the scale of modern HPC systems grows at a rapid pace, the volume of data

produced by applications follows. To allow efficient storing, managing, and sharing, many

scientific data are now stored in compressed format [57]. Due to the diverse nature of

scientific data, compression is usually performed inside high-level I/O libraries where the

characteristics of the data are known instead of the parallel file system.

A major challenge regarding parallel I/O on compressed data is that most compressed

data cannot be partially decompressed. Due to this limitation, accessing part of the

compressed data, except a few specially designed algorithms [58, 59] for a limited type of

operations, requires decompression of the entire dataset. Modifying part of a compressed

dataset requires decompressing, re-compressing, and overwriting the entire dataset. It

implies that a compressed dataset can only be modified by one process at a time.

One solution adopted by the HDF5 library [60] is using a chunked storage layout. A

dataset is divided into equal-sized chunks that are compressed independently. To ensure

data consistency of a chunk, only one process, called the owner, is allowed to modify it

directly. Other processes write to the chunk by forwarding the request to the owner.

The strategy above comes with several tradeoffs. There are communication overheads

to manage chunk access and to forward the write requests. Also, the number of chunks
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limits the scalability. Finally, since writing to datasets requires communication, all write

operations must be collective.

In this project, we introduce a compression feature for variables in the PnetCDF [9]

library. Scientific applications in various domains, including much of the climate applica-

tions, store their data in classic NetCDF format [61, 62, 63]. The classic NetCDF format

[7] is more efficient than other complex file formats, but it does not support compress-

ing data objects. We saw increasing demand from the community for data compression

features in NetCDF variables.

We enable variable compression using a chunked storage layout similar to HDF5[60].

Our design uses an array-based reference table to organize the chunks. We store chunking

and compression-related metadata as special NetCDF attributes under the variable. The

file containing chunked variables remains a valid NetCDF file, though chunked variables

can only be interpreted by PnetCDF. We took the same approach as HDF5 to ensure data

consistency, but we adopt a different policy for picking chunk owners that not only tries

to minimize the communication cost but also tries to balance the compression workload

among the processes.

Although the concept of chunking is not new, our design emphasizes enabling I/O

aggregation and utilizing it to mitigate the limitation of the existing solution. By handling

multiple I/O requests together, we can reduce the number of interprocess communications

and hence the contention of the interconnect. We can also avoid decompressing and re-

compressing chunks when a chunk is written more than once. Most importantly, by

aggregating requests across all variables, the total number of chunks we handle is more

than that if we handle each request individually. Having more chunks to handle allows
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us to achieve better load-balancing, parallelism, and hence scalability. We support I/O

aggregation through PnetCDF’s non-blocking API [64].

We evaluated our implementation on Cori [30] at the National Energy Research Sci-

entific Computing Center (NERSC), using up to 4096 processes. We tested various I/O

patterns, including rank-based appending I/O patterns commonly used by AMR appli-

cations, a checkerboard I/O pattern, and I/O kernels from the E3SM [65] simulation

framework, as well as the Pandana module [66] in the NuMI Off-axis νe Appearance

(NOvA) experiment [67].

The experiment results suggest that I/O requests aggregation can significantly improve

the efficiency of parallel I/O on chunked and compressed data. Our solution generally

achieves 2 to 3 times the parallel write performance compared to HDF5. When multiple

variables are involved, our solution with I/O aggregation can be up to 14 times faster

than HDF5. Our solution can improve the end-to-end I/O performance up to 2.7 times

compared to writing variables without compression on highly compressible datasets.

5.1. Related Work

Many works apply compression to improve parallel I/O performance. Welton et al.

employ compression to increase the network throughput between compute nodes and I/O

nodes of the file system [68]. Filgueira et al. use compression to reduce the communi-

cation time between compute nodes and I/O aggregators in MPI-IO [69]. Islam et al.

utilize compression to reduce checkpointing overhead [70]. Bui et al. proposed several

techniques, including compression, to improve the I/O performance on IBM Blue Gene/Q

supercomputers [71].
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Chunked storage layout is widely used to enable parallel I/O on compressed data.

Hadjidoukas and Wermelinger introduce a compressed data format for the Cubism frame-

work [72] that utilizes the block nature of the application to divide the data into chunks

for compression. They incorporate efficient wavelet-based techniques and state-of-the-art

floating-point compressors [73]. Bicer et al. proposed a solution based on a chunked lay-

out to access compressed NetCDF variables in parallel in which padding is being added to

compressed chunk to accommodate the future growth [74]. Other than a workaround to

access the compressed dataset in parallel, chunked storage layout is also used to store data

growing along multiple dimensions [75, 76]. Zarr is a python package that implements

chunked multi-dimensional arrays that can be accessed concurrently by all threads or

processes [77]. Zarr allows chunks to be transformed using the Numcodecs [78] package.

N5 is a library providing primitive operations to store chunked n-dimensional arrays [79].

It stores every chunk as a single file under a directory representing the array. ADIOS [80]

supports data compression by compressing individual data blocks in a log-based storage

layout.

5.1.1. Data compression in parallel HDF5

HDF5 [60] is an I/O library widely used for handling scientific data. HDF5 datasets can be

stored in a contiguous layout that flattens the data into a single block or a chunked layout.

In a chunked dataset, the data is stored as non-intersecting, fixed-size, and rectangular

chunks. When the chunks are stored in the file, each chunk is flattened either in a row-

major or a column-major order. The chunks can be stored in any order and at any location.

HDF5 uses a B-tree-based data structure to track the location of chunks. HDF5 supports
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data compression through filters on chunked datasets. Filters are data transformations

applied to chunk data before writing the chunk to the file. Applications can apply different

filters to the dataset; some of them provide compression functionality.

The parallel write operation in HDF5 consists of 2 phases. The first phase is to

exchange the data among processes.To ensure data consistency, each chunk can only be

written directly by a process called the chunk owner. The chunk owner is the process with

the most data to write to that chunk. Processes exchange the data such that the entire

data of each chunk is aggregated to the owner process. The second phase is to compress

the chunks and to write the compressed data to the file. Each process independently

compresses the chunks it owns. Then, processes exchange the compressed data size to

calculate the write offset in the file and collectively write the compressed chunks to the

file. Finally, the file offset of the chunks is written in the b-tree index.

The parallel read operation in HDF5 for compressed datasets is implemented in 4

steps. First, each process calculates the intersection of the requested data space and all

the chunks in the dataset. Second, all the processes look up the location of the requested

chunks in the b-tree index. Third, the processes collectively read the chunks they need.

Finally, each process independently decompresses the chunks and gets the requested part

of the chunks.

5.1.2. NetCDF

NetCDF (Network Common Data Form) [7, 8] is a self-describing, machine-independent

(portable) data format for array-oriented data. A classic NetCDF file contains three types

of objects: attribute, dimension, and variable. Attributes contain metadata for the file
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and variables. Dimensions are named scalar which describes a dimension of variables in

the problem domain. One dimension, called the ‘record dimension’, in a NetCDF file

can have unlimited size. Variables are multi-dimensional array of data (counterpart of a

dataset in HDF5). NetCDF variables are always stored in a contiguous layout in which

data is flattened into the file in canonical order. The shape of a variable is defined by

referring to dimension objects.

A variable that has the record dimension is called a ‘record variable’. The record

dimension can only be the most significant dimension of the variable. A unit slice of a

record variable along the record dimension is called a ‘record’. The coordinate of the slice

along the record dimension is referred to as the record number. Record variables can be

resized arbitrarily along the record (first) dimension. The size of the record dimension

increases automatically to fit the variable with most records. There is only one unlimited

dimension in a NetCDF file shared by all record variables. As a result, all record variables

contain the same number of records. Whenever a record variable gets a new record, the

size of all other record variables also increases.

In addition to the classic format, there is also the NetCDF-4 [81] format. NetCDF-4

store NetCDF data objects as HDF5 data objects. A NetCDF-4 file is a particular type of

HDF5 file that follows NetCDF-4 specification. Compared to the classic format, NetCDF-

4 introduces the concept of group as well as features from HDF5, such as chunked storage

layout and filters. In this project, we focus on supporting variable compression in the

classic NetCDF format.
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5.1.3. PnetCDF

PnetCDF [9] is a high-level parallel I/O library for managing dimensions, variables, and

attributes in classic NetCDF files. Applications can access part of the variable by spec-

ifying a subarray of the variable to read or write. In addition to conventional read and

write APIs, PnetCDF also provides a set of non-blocking APIs. Non-blocking APIs allow

applications to post multiple I/O operations, and let PnetCDF aggregate them into a

large request for better performance.

5.2. Design and Implementation

Our approach adopts a chunked storage layout similar to HDF5 to enable compression

for NetCDF variables. Applications can enable chunked storage layout and/or compres-

sion on individual variables. We designed a data structure to store chunked variables

using classic NetCDF data objects. We implement our solution in the PnetCDF library.

5.2.1. Chunking and compression metadata

As the classic NetCDF format does not include metadata entries for describing data

chunking and compression, we use the following NetCDF attributes to store such metadata

for each chunk-enabled variable. These attributes all have names with the first character

’_’, which are reserved for special names with meaning to implementations, as restricted

in the NetCDF convention [82].

• _chunk_dims is a 1D integer array attribute of size equal to the number of dimensions

of the chunked variable. It contains the dimension IDs previously defined through calls
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to ncmpi_def_dim(). This attribute also serves as an indicator of a chunked variable.

If this attribute is missing, the variable is not chunked (a traditional variable).

• _chunk_refs is an attribute storing the starting file offsets of the chunk reference

table. For fixed-size variables, this attribute is a 64-bit integer. The chunk reference

table is a 1D 64-bit integer array of size equal to the number of chunks of the variable.

The table stores the file starting offsets of individual chunks. For record variables, this

attribute is a 1D 64-bit integer array of size equal to the number of records. Each of

its array elements points to the file starting offset of a record’s chunk reference table.

There is one chunk reference table for each record, and reference tables can be stored

in non-contiguous locations in the file.

• _chunk_ext_ndims is an attribute of a 64-bit integer, storing the number of effective

records for the variable. Effective records are referred to as the number of records that

have been written in the file. This value is less than or equal to the value of the

unlimited dimension stored in the file.

• _filters is an attribute of an integer array, storing the IDs of predefined filters that are

applied on the data chunks. The array indices also indicate the order of filters applied

to the data chunks in a pipelined fashion.

• Other filter-specific attributes, such as compression level of lossless compression method,

error tolerance of lossy compression method, etc. These attributes will be added when

the corresponding filter is incorporated into PnetCDF.
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5.2.2. Data chunks and chunk reference table

Two new data objects introduced in our design for describing the chunking and compres-

sion settings are the chunk reference table and data chunks. A fixed-size variable’s chunk

reference table is comprised of two 1D arrays of 64-bit integer type, both of size equal to

the number of chunks of the variable. One array is the offset array that stores file offsets

pointing to the starting locations of individual chunks. The other is the size array that

stores the sizes of each compressed chunk in the file. For record variables, each record of

a variable has its own chunk reference table, and the tables of consecutive records are not

necessarily stored contiguously in the file.

Data chunks contain the parts of the variable in compressed form. They can be

compressed and decompressed independently. Each data chunk occupies a contiguous

space in the file, but chunks of a variable are not required to be stored contiguously. This

design allows flexibility in file space management but can adversely affect I/O performance

if chunks are dispersed all over the file.

Without violating the NetCDF file format specification, we store the new data objects

in the "free space" between variables. The free spaces are paddings between the end of a

variable and the beginning of the next variable. Paddings are required to comply with the

NetCDF format specification in which variables must be aligned to 4-byte boundaries. The

use of such alignment has also been extended in both PnetCDF and NetCDF libraries

to align the variable’s file space to file system striping boundaries in order to achieve

better I/O performance [83, 84]. Our design utilizes this feature to make space for chunk

reference tables and data chunks.
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A new API named ncmpi_var_set_chunk is used to set the size of the chunks on a

chunked variable. Once chunk sizes have been set, the number of chunks for a fixed-size

variable or a record variable’s record is known. For fixed-size variables, their reference

tables can be allocated when calling API ncmpi_enddef. During this time, PnetCDF will

check all defined variables and adjust the "begin" fields of all variables to make room for

chunk reference tables. For record variables, their reference tables are allocated when new

records are created. Because the compressed size of a chunk is not known at the time of

ncmpi_enddef, the file space for data chunks is not allocated until the application writes

to the chunk. The chunk offsets in the chunk reference table are set to -1 to indicate that

the chunks haven’t been allocated yet.

A new API named ncmpi_var_set_filter is used to enable compression for variables

and choose the compression method. Our pluggable interface allows incorporation of any

compression algorithm, such as deflate [85, 51], zstd [86], SZ [54], ZFP [53] ... etc.

5.2.3. Chunk data layout for fixed-size variables

fig. 5.1 illustrates the data layouts of chunked and un-chunked variables. A classic NetCDF

file is divided into header and data sections. The file header stores the metadata of

dimensions, variables, and attributes, while the data section stores variables’ raw data.

fig. 5.1(a) shows two traditional un-chunked fixed-size variables, X and Y. When variables

X and Y are defined one after another, their metadata is stored consecutively in the file

header. The metadata field "begin" of each variable points to the starting file location of

its raw data, shown as blue arrows. In this example, a gap appears between the space

occupied by two variables’ raw data, which is legit to the NetCDF file format specification.
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Figure 5.1. Data layout of compressed variables versus uncompressed vari-
ables. The anchor variable is painted light green. The reference table is
painted cyan. The chunk data is painted light green. Note that chunkes
does not need to be stored in order.

Our design makes use of such gaps to store the chunked variables, including their reference

tables and data chunks.

fig. 5.1(b) shows the file layouts of two chunked fixed-size variables X and Y. Although

chunk reference tables are metadata, we store them in the data section of a NetCDF file

rather than in the file header. For fixed-size variables, their chunk reference tables are

placed at the beginning of the data section. The chunk reference table contains the

location of individual chunks, as shown by the red arrows. Entries in the chunk reference

table are ordered according to the row-major canonical order of the chunk in the variable.

The index of a chunk in the chunk reference table is referred to as the chunk ID and is

used to identify the chunk within the library. As depicted in this example, both variables

X and Y have N chunks. Chunks are not required to be stored adjacent to each other;
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however, our implementation tries to place them in contiguous space if possible for better

I/O performance.

5.2.4. Chunk data layout for record variables

fig. 5.1(c) shows two traditional un-chunked record variables, X and Y, with two records

each. Record variables have the same header as fixed-size variables except that the first

dimension is always the record dimension. The metadata field "begin" of each variable

points to the starting file location of its first record, shown as blue arrows. Records with

the same record number from all record variables are stored together in a block referred to

as a record of the NetCDF file. File records are ordered according to their record number.

Paddings are allowed between records of variables and between file records as long as each

file record has the same size.

NetCDF format specification requires that file records be stored after all fixed-sized

variables [87]. To comply with it, PnetCDF needs to move all records downward every

time it inserts padding for new chunks. Constantly relocating record variables can degrade

the performance significantly. To avoid the issue, we keep the file free of traditional record

variables. Traditional record variables are emulated by chunked variables with a chunk

size equal to a record’s size.

fig. 5.1(d) shows the file layouts of a chunked record variable X with two records. We

fix the chunk size along the record dimension to one, so no chunk spans across multiple

records. A record of record variables is structurally similar to a fixed-size variable, except

they share the metadata with other records. For record variables, their chunk reference

tables are placed randomly within the data section, similar to data chunks. We only
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allocate the chunk reference table of a record when the application writes the record. For

records that are not written, the corresponding field in the _chunk_refs attribute is set

to NULL to indicate that the chunk does not exist. As depicted in this example, both

records 0 and 1 have N chunks. Similar to fixed-size variables, we try to store chunks

of a record in a contiguous space for performance consideration. However, chunks from

different records are stored separately to avoid the need to relocate existing records.

NetCDF data model allows at most one shared record dimension and requires it to

be the first dimension of all record variables. Under this assumption, we can view each

record as a fixed-size variable with its own chunks and reference table. A record variable

can then be viewed as an array of records that only need to support appending. These

properties motivated us to use the lightweight, array-based chunk reference table in our

design. In contrast, HDF5 has a more flexible data model in which the number and

location of unlimited dimensions are unrestricted. The array-based data structure used

in our design may not work in this scenario since it will require frequent insertion and

reordering that can degrade performance.

5.2.5. Parallel access policy for data chunks

For parallel access to data chunks, we employ a similar policy as HDF5. Chunks are

assigned to a single process called the owner. Only the owner can directly modify the

chunk in the file. While a process can own multiple chunks, a chunk can only be owned

by one process. The owner is responsible for performing compression, decompression, and

I/O operations on the chunk. If a process needs to access a chunk owned by another

process, it sends a request to the owner of that chunk to have the owner access the chunk
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on its behalf. As it requires the participation of other processes, writing to compressed

variables must be a collective operation.

Since accessing local chunks does not require communication, chunk ownership assign-

ments can affect the communication overhead. We define the access size of a process

to a chunk as the size of all intersections between the process’s local I/O requests and

the chunk. To minimize communication costs, we should assign a chunk to the process

with the largest access size. The total size of data being exchanged under this assignment

is minimal since the selected chunk owner will have more data to send than any other

processes that can replace it. However, compression and I/O workload can also affect the

overall I/O performance. Chunk owners are responsible for compression, decompression,

performing raw data I/O of the chunk, and handling requests from other processes writ-

ing to the chunk. An imbalanced assignment may concentrate the compression and I/O

workload onto a few processes, resulting in poor parallelism. In the worst case, a process

owning too many chunks may run out of memory for chunk caching. As a result, chunks

need to be assigned as evenly as possible, not only for better performance but also to fit

within resource limitations.

While HDF5 prioritizes minimizing the communication cost and only consider load

balancing when there is a tie, our design adopts a more flexible approach. We intro-

duce a per-process workload penalty that is proportional to the total size of chunks a

process already owns. For each chunk, we calculate the preference score of a process

by deducting the workload penalty from the access size. The process with the highest

preference score becomes the owner of the chunk. After assigning a chunk to a process,
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the workload penalty of the process increases to make it more difficult for that process

to own another chunk.

5.2.6. Parallel writing to compressed variables

A process writes to a chunk owned by another process by sending its write request to

the chunk owner. If a process accesses multiple chunks owned by the same owner, we use

MPI datatypes to combine the request, so there is only one message sent to the owner.

This strategy differs from HDF5’s approach in that HDF5 sends one message per chunk.

Each request consists of the chunk ID and the position (a subarray) within the chunk to

write, followed by the data to write. The data is converted to match the data type of the

variable before packing into requests. If an I/O request spans multiple chunks, the sender

breaks it into multiple requests.

A collective write starts by having processes perform a collective communication, so

chunk owners know the number of incoming messages they need to receive. We use MPI

datatype to encapsulate the metadata and the data of requests without explicitly packing

the data into a contiguous memory buffer. If the intersection covers a non-contiguous

region, we use an MPI subarray type; otherwise, we use a contiguous datatype with a

lighter overhead that benefits small I/O requests.

Chunk owners allocate a memory buffer, called the chunk buffer, for every chunk

they own. The chunk buffer store the data of the chunk before compression. When the

owner does not completely write a chunk, the owner fills the chunk with the variable’s

fill value. If the chunk already exists in the file, it is read back and decompressed into

the buffer to be merged with the new data. Once chunk buffers are initialized, the chunk
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owner process incoming request messages, copying the data to the corresponding place

in the chunk buffer. After processing all requests, including the owners’ own, the owners

compress the chunk buffer.

New chunks are stored together in the "free space" between NetCDF variables. They

are arranged in the order of the chunk ID. The file offset of a chunk can be calculated from

the size of the chunks. For existing chunks that are being modified, the existing space is

reused if the compressed size fits into the existing location; otherwise, it is treated as a

new chunk and relocated to a new location. For now, we do not recycle the space as we

do not expect frequent modification variables.

We use MPI-IO to write compressed chunks directly into the space reserved for data

chunks. If a process owns more than one chunk, we define an MPI file view to write all

chunks collectively. For each variable, one process will update the reference table with the

new offset and size of the compressed chunks. We overwrite the existing reference table if

it exists. Otherwise, we create the reference and update the _chunk_refs attribute to

point to the new reference table.

5.2.7. Parallel reading from chunked variables

Reading works similar to writing, except the data flows in reverse, from the chunk owner

to the process that reads the chunk. A process reading from a chunk sends a read request

to the chunk owner and waits for the response. Read requests share the same metadata

with write requests to describe the chunk and the data’s location within the chunk to read.

The chunk owner constructs an MPI datatype to select the data from the chunk buffer

and send it to the requesting process. The requesting process also uses MPI datatype to
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distribute the data received directly into the application buffer. If the application requests

a data type inconsistent with the native type of the variable, the data is converted by the

requesting process locally before returning to the user.

Our design relies on chunk owners to read and decompress chunks for other processes.

HDF5, on the other hand, supports reading by having each process independently read

and decompress the chunks they need. It allows chunk owners to reuse the chunk buffer

during the entire session without the concern of data consistency. Also, we avoid perform-

ing repeated decompression work when multiple processes are reading the same chunk.

From a different aspect, the HDF5s approach enjoys the advantage of low communication

overhead since the only collective operation is reading the raw data. Their strategy can

be very efficient when a chunk is read by only one process. We will further discuss the

pros and cons of the two approaches in the experiment section.

5.3. I/O Request Aggregation

Most applications store their data across multiple variables. Each variable may rep-

resent a variable in the simulation or a feature in the gathered data. When applications

access a NetCDF file, they often make multiple I/O requests to access multiple variables

or to access different parts of a variable. If we can aggregate and handle these I/O re-

quests together, we will have more opportunities to perform optimization. PnetCDF’s

non-blocking API [64] provides native support to I/O aggregation. It allows the applica-

tion to stage I/O operations in PnetCDF and process them at once.

Aside from reducing the communication overhead, the most important benefit of I/O

aggregation is improved scalability. Recall that only the owner can access a chunk directly,



89

the degree of parallelism is then capped at the number of chunks. Reducing the chunk

size to get more chunks may not be feasible because chunks need to have a certain size to

achieve a decent compression ratio. Handling multiple requests across different variables

at a time allows us to parallelize across chunks from all variables. With more chunks to

distribute among processes, we can further extend the scalability.

We provide an example to help illustrate the idea. Consider an application running

on N processes that write to M (< N) small variables. Each variable has only one chunk

due to its small size. PnetCDF API only allows the application to access one variable

per call. Since there is only one chunk, only one process can perform compression and

the I/O, serializing the entire operation. If we can handle all requests together, the

penalty incurred from owning a chunk prevents a process from winning chunks in another

variable. It allows M processes to perform the compression and the I/O in parallel. Since

requests to different variables are combined into one message, the number of point-to-point

communication does not increase.

Supporting non-blocking I/O on compressed variables requires very little modification

to the procedure described in section 5.2.6 and section 5.2.7. We append the variable ID

as metadata in each chunk access request so that the chunk owner can tell which variable

is accessed when the request message contains requests of different variables. It allows a

process to access chunks of different variables owned by the same owner in a single request

message. Since the way a process accesses a chunk is irrelevant to the variable containing

the chunk, no change is required on the other part of the procedure. The owner of the

first chunk of a variable is responsible for updating the variable’s reference table.
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When the application uses non-blocking I/O, the chunk owner assignment is delayed

until the time the aggregated request is flushed. Having the information of all I/O requests

allows PnetCDF to make better chunk owner assignments compared to the case where

only the first request is visible. When assigning chunk owners for multiple variables,

PnetCDF will overlap the communication in assigning a variable with the computation

of the access size of another variable to hide the communication overhead.

5.4. Usage

We plan to integrate our implementation into future releases of PnetCDF. The integra-

tion will be transparent to applications. Existing applications that do not need chunked

storage and compression feature will not be affected by the change.

In the future, we will introduce new APIs for applications to enable chunked storage

on selected variables, to specify chunk size, and to set compression filters, similar to

NetCDF4. The default chunk size of fix-sized variables is the entire variable, for record

variables, it is the size of a record. Currently, we support ZLIB and SZ as compression

filters. We plan to introduce other compression algorithms in the future.

The performance of our design relies on I/O aggregation. As a result, we only sup-

port non-blocking APIs for reading and writing on chunked variables. Blocking APIs

are simulated by calling wait immediately after posting a non-blocking operation. For

performance reasons, we highly encourage the use of non-blocking APIs.

5.5. Experiment

We ran experiments on Cori, a Cray XC40 supercomputer at National Energy Research

Scientific Computing Center (NERSC) [30, 31] boosting both Haswell and KNL nodes.
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We used Haswell nodes for our experiment. There are 2,388 Haswell nodes connected by

Cray Aries with Dragonfly topology providing 5.625 TiB/s global bandwidth. Each node

has 2 Intel® Xeon™ E5-2698 v3 processors providing 32 cores/64 threads that are matched

with 128 GB DDR4 2133 MHz memory. We ran the experiments on Cori’s Cray Sonexion

2000 file system, a Lustre with 248 OSTs on 248 servers. We configured our test folder to

use 64 stripes and 1 MiB stripe size. The theoretical peak parallel I/O bandwidth under

this setup is around 57.54 GiB/s for the lustre file system [31] and about 1 GiB/s per

compute node [88].

We evaluated our solution on two commonly seen I/O patterns in HPC applications

– checkerboard data partition pattern and FLASH I/O pattern. We also tested it on I/O

kernels extracted from two real-world applications. One of them is the E3SM application

[65] with a fragment and near-random I/O pattern. Another is the Pandana I/O [67]

module with a block-appending I/O pattern similar to FLASH I/O. We used a mix of

real and artificial datasets. Artificial datasets give us precise control of the compression

ratio, while real datasets represent the compression ratio of real-world applications.

To compare the I/O performance between compressed and non-compressed data, we

introduced a measurement call effective I/O bandwidth. The effective I/O bandwidth is

defined as the size of the data before compression divided by the total time of I/O opera-

tion. The effective bandwidth accounts for the size reduction effect of doing compression.

For each dataset, we compared the effective bandwidth between PnetCDF (our solu-

tion) and HDF5 using a contiguous storage layout, chunked storage layout, and chunked

storage layout with the level 6 deflate (zlib) filter. We repeated each experiment at least
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3 times and take the best result to mitigate the interference from other applications. Ex-

periments of different configurations are interleaved in which reading tests are set as far

apart as possible from the corresponding writing test to reduce the effect of file system

caching.

We used the latest version of PnetCDF (1.11.2) and HDF5 (1.12.0) at the time of our

experiment. Both libraries were built with the default toolchain on Cori and ran with

their default configurations. The chunk size and compression related parameters are set

to the same for both libraries.

We augmented both PnetCDF and HDF5 to measure time spent in internal functions

so we can make a more detailed comparison and identify potential areas for improvement.

Since the architecture and implementation of PnetCDF and HDF5 are quite different,

it is not possible to make a one-to-one comparison of steps between the two libraries.

Instead, we organize them into four types of operations - initialization, data exchange,

compression/decompression, and I/O. Initialization includes operations to initialize the

data structure to represent compressed variables (datasets), such as building the reference

table and reading static variable metadata. The data exchange time is the time spent on

exchanging chunk access requests between processes, including packing and unpacking the

request messages and communications to synchronize the message size. The compression

time is the time spent compressing the data chunks. The I/O step includes writing

compressed chunks to the file and updating the chunk reference table.
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Figure 5.2. Checkerboard I/O end to end time (bars) and bandwidth (lines).
In the legend, ’pnc’ means PnetCDF and our solution, ’-p’ means contiguous
layout, ’-c’ means chunked layout, and ’-z’ means chunked and compressed
layout. (c), (f), and (i) shows the time spent in each steps on compressed
Random-100, Random-50, and Random-10 datasets respectively.

5.5.1. Checkerboard I/O

In the checkerboard I/O pattern, a multi-dimensional variable is divided into fixed-size

rectangular subarrays. Each process accesses one subarray. In MPI-IO, it is equivalent to

setting the file view with a two-dimensional subarray datatype (MPI_Type_create_subarray).



94

Checkerboard patterns are commonly seen in simulation frameworks using fixed-sized

grids. We used this pattern to study the relation of I/O performance to the compres-

sion ratio. To do so, we generated a chunk with completely random numbers so that it

is almost not compressible. We mixed it with a different portion of 0s (fully compress-

ible) to create chunks of different compression ratios. We repeated this chunk to form

a 2-D variable so that all chunks’ size and compression costs are consistent. Using this

method, we generated three different datasets. The first one is an uncompressible dataset

(random-100) containing all random bits. The second one is a reasonably compressible

dataset (random-50) that contains half random bits and half 0s. The third one is a highly

compressible dataset (random-10), which contains only 10% random bits. Since the goal

was to evaluate our chunked storage solution’s performance instead of the underlying

compression algorithm, the data’s content is irrelevant. Using an artificial dataset allows

us precise control of the compression ratio to achieve our goal.

In this experiment, each process writes a 4k by 4k subarray in a squared variable. We

set chunk size along each dimension to be twice the per-process subarray size so that each

process writes to a quarter of a chunk. This setting simulates the situation mentioned

above while creating the need to exchange data for evaluation purposes. The dataset

contains only one variable, so aggregation provides no advantage. We ran it on up to 128

nodes with 32 processes per node.

Figure 5.2 shows the result of the checkerboard I/O under different compression ra-

tios. In terms of write performance, PnetCDF out-perform HDF5 in most cases. On

4096 processes, PnetCDF is up to three times faster than HDF5. Timing breakdown sug-

gests that HDF5 spent significantly more time on initialization. In addition to HDF5’s
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inherently heavier metadata operation, we found that HDF5 always fills new chunked and

filtered datasets (variables) with background value regardless of settings (property list),

effectively writing the dataset another time. We have no clue about the reason behind

their design.

When it comes to reading performance, HDF5 scales better than PnetCCDF. It is

a result of HDF5’s approach to handling collective read on compressed datasets. As

discussed in section 3, HDF5 has each process independently read and decompress the

chunks they need. In this experiment, a chunk is only shared by four processes, making

independent MPI read faster than the collective one. Since each process only reads from

a single chunk, performing repeated decompression across processes does not increase

the overall decompression time. Without the communication overhead to exchange data,

HDF5 overtook PnetCDF when scaling to 4096 processes.

Chunked and compressed layout out-performs the contiguous storage layout even on

the non-compressible dataset due to more efficient I/O pattern [89, 90]. While compres-

sion cannot improve write performance compared to chunked storage layout except on

the highly compressible dataset, it can boost read performance on the 50% compressible

dataset in both PnetCDF and HDF5. The main reason is that inflate (decompression)

runs significantly faster than deflate (compression) [91]. We need more size reduction

in I/O to compensate for compression cost than that to compensate for decompression

cost.
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Figure 5.3. FLASH I/O pattern end to end time (bars) and bandwidth
(lines) on the Galaxy Cluster Merger (GCM) dataset. In the legend, ’pnc’
means PnetCDF and our solution, ’-p’ means contiguous layout, ’-c’ means
chunked layout, and ’-z’ menas chunked and compressed layout. (c) shows
the time spent in each steps on compressed GCM datasets.

5.5.2. FLASH I/O

In the FLASH simulation framework, the problem space consists of equal-sized blocks.

Blocks do not always combine into a single rectangular array as in checkerboard I/O

pattern; instead, they can form irregular shapes or multiple discontinued rectangular

spaces. Blocks are assigned to processes. A common way to store the blocks on a disk is

to stack them one after another that resembles a rectangular variable in which the number

of blocks is another dimension. Blocks handled by the same process are usually stored

together. The resulting I/O pattern is a block-appending pattern where each process

writes blocks in a contiguous space after blocks from processes with a smaller rank. This

type of I/O pattern is commonly seen in applications that use adaptive mesh refinement

(AMR) [92], such as the FLASH code [93] and AMReX [94].

We used the data generated by the Galaxy Cluster Merger simulation, a FLASH [93]

application, from the sample datasets of the yt project [95]. The variables in the dataset

are made up by stacking 3-dimensional blocks into a 4-dimensional variable. There are
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nine variables of size 43065 x 16 x 16 x 16 in the dataset, totaling 5.91 GiB. We set the

chunk size along the stacking dimension to roughly the number of blocks per process to

reduce communication overhead.

Figure 5.3 shows the result of Galaxy Cluster Merger dataset. Our solution signifi-

cantly outperforms HDF5 when writing the compressed variables. The timing breakdown

shows that our data exchange and I/O time are noticeably lower than HDF5, suggesting

a significant advantage of aggregating nine variables’ requests. HDF5 has an edge when

it comes to reading. The reason is that we set the chunk size to match the per-process

block size. It makes chunk boundaries mostly align with the processes’ access boundary,

resulting in a chunk-per-process I/O pattern. This kind of pattern favors the independent

decompression approach used by HDF5 as there is no repeated read and decompression

work among processes. Due to an efficient I/O pattern and a mild compression ratio of

2.65, both HDF5 and our solution cannot achieve higher I/O bandwidth than writing to

uncompressed variables.

5.5.3. Pandana I/O

We implemented an I/O benchmark to simulate the I/O patterns in the Pandana frame-

work [66] used in the NuMI Off-axis νe Appearance (NOvA) experiment designed to study

neutrino oscillations [67]. In the NoVA experiment, sensors are set up to monitor particle

collision events and other events of interest. The events gathered in a round of the NoVA

experiment are collected in an HDF5 file. For each type of event, there is an HDF5 group

to store the event of that type. Events are stored as a set of 1-D variables. Each variable
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Figure 5.4. Pandana I/O pattern end to end time (bars) and bandwidth
(lines) on the NoVA dataset. In the legend, ’pnc’ means PnetCDF and our
solution, ’-p’ means contiguous layout, ’-c’ means chunked layout, and ’-z’
menas chunked and compressed layout. (c) shows the time spent in each
steps on compressed NoVA datasets.

represents an attribute of the events. Elements at the same index across all variables

represent an event.

The files generated by multiple rounds of the NoVA experiment are combined into a

single HDF5 file and fed to the analysis program. The concatenation is performed group

by group. Each process reads the events in the files they are assigned to and appends the

events to a contiguous space in the combined file. The I/O pattern of the concatenation

resembles the block-appending pattern of the FLASH I/O benchmark.

The analysis program assigns each process a contiguous block of events to analyze

and then output the combined result. The read pattern of Pandana I/O also resembles

the concatenation process’s block-appending pattern except that the I/O size per process

can differ. Events are assigned to process based on some predefined rule unrelated to the

location of the event before concatenation. Depending on the need of the analysis task,

only required types of events are read.



99

We gathered the data from 1951 rounds of NoVA experiments. We conducted the

experiment using a subset of events (groups) used in one of the NOvA experiment’s

analysis tasks. The subset contains 108 variables organized in 15 groups totaling 7.09

GiB. We set the chunk size to 1 MiB. In this experiment, we assume the read pattern is

the same as the write pattern. We ran the experiment on up to 64 nodes with 32 processes

per node.

Figure 5.4 shows the result on the NoVA dataset. Despite a decent compression

ratio of 4.92, the write performance of the compressed storage layout is poor due to the

imbalanced compression workload. The dataset contains 15 groups of varying sizes, some

are large while others are small. Small groups do not contain enough chunks to enable

good parallelism. Consequently, only a few processes are performing the compression

while other processes wait.

With the advantage of I/O aggregation, PnetCDF out-perform HDF5 by a huge mar-

gin on all storage layouts for both reading and writing. PnetCDF performs 5 and 14 times

faster than HDF5 on writing and reading, respectively, when using a compressed storage

layout. Unlike that in FLASH I/O, HDF5 does not perform well on reading. We can

see in the breakdown chart that HDF5 spent most of the time reading the chunks. The

reason, aside from the lack of I/O aggregation, is the way the dataset is structured. Since

data is divided into 109 variables, each variable is relatively small and has only a few

chunks. When reading a variable, multiple processes will read and decompress the same

chunk for part of the data they need. Those repeated independent read requests from

different processes effectively increase the total amount read and put additional workloads

on the file system.
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Figure 5.5. E3SM I/O end to end time (bars) and bandwidth (lines). (c)
shows the time PnetCDF spent in each steps on compressed E3SM datasets.
We use ’F’ for atmorspheric component, ’G’ for oceanic component.

5.5.4. E3SM I/O pattern

Energy Exascale Earth System Model (E3SM) is a coupled model used for modeling,

simulation, and prediction of the Earth’s climate [65]. We evaluated our implementation

with a benchmark program that reconstructs E3SM’s I/O kernel using the I/O pattern

captured by the PIO library [96]. The problem domain is represented by cubed sphere

grids, which produce long lists of small and non-contiguous I/O requests across MPI

processes. On top of that, it involves a large number of variables, resulting in a high

metadata handling workload. The E3SM I/O pattern presents one of the most challenging

I/O patterns to the underlying I/O library.

We used the data and the I/O pattern collected from a high-resolution simulation of

E3SM [97]. E3SM contains specific models for each component in the earth system. Each

model writes its own output file with a different file structure and I/O pattern. We take

the output from the atmospheric component (F case) and the oceanic component (G case).

The F case contains 414 variables totaling 15 GiB in size. The largest variables have a

shape of 72 x 777602, followed by variables of shape 1 x 777602, and various small-sized
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variables. The G case contains 52 variables totaling 80 GiB in size, including variables

with a shape of 3693225 x 80, 7441216 x 80, 11135652 x 80, and various small variables.

We adjusted the chunk length along the longest dimension of a variable to control the

size of the chunks. The chunk length along other dimensions is set to the dimension of

the variable. We set the chunk size to roughly 1 MiB for the F case and 10 MiB for the

G case. Due to its smaller size, the F case needs a smaller chunk size to ensure there are

enough chunks to divide among the processes. We used a larger chunk size in the G case

to reduce the overhead on managing the chunks.

The E3SM benchmark poses many challenges. One of them is the number of variables

in the output file. Building the reference table and assigning the chunks of those variables

can take be time-consuming. Another challenge is a large number of fragment I/O re-

quests. Packing, sending, and unpacking those requests results in significant overhead to

the data exchange phase. They also slow down the chunk owner assignment calculation as

there are a large number of requests to consider. The other factor is the highly irregular

I/O pattern in which any process may write to regions scattered throughout the entire

variable. No matter how the chunk owners are assigned, a large amount of remote chunk

access is unavoidable.

Due to the disadvantages mentioned above, we do not expect the chunked and com-

pressed layout to outperform the contiguous layout in terms of overall I/O time. We

only hope aggregation can help to manage the communication overhead to an acceptable

level. We tried to run the E3SM I/O benchmark using HDF5 API for comparison. Un-

fortunately, HDF5 could not finish in a reasonable time despite our optimization efforts.

The main reason is that HDF5 API only accepts one request to one dataset at a time.
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With hundreds of datasets and millions of small I/O requests per process, it is infeasible

to process them one by one. For this reason, we focus on comparing our solution to the

contiguous data layout in PnetCDF and studying the timing breakdown.

Results are shown in figure 5.5. The overall compression ratio is 2.27 for the F case and

1.99 for the G case. Compared to contiguous storage layout, parallel write to compressed

variables only provide 20%∼50% of effective bandwidth in both F and G cases. In terms

of parallel read performance, the compressed layout can out-performing the contiguous

layout on a smaller number of processes. A possible reason is that the decompression

workload is generally lighter than compression.

As we scale up the experiment, the performance of the compressed storage layout drops

significantly. The timing breakdown shows that the time spent in data exchange increases

with the number of processes. It is caused by the overhead to manage MPI asynchro-

nous communications. The E3SM I/O pattern results in a near-all-to-all communication

pattern in the data exchange step. A process has to send chunk access requests to many

chunk owners since the data it accesses spans across a large number of chunks. Thus,

the number of MPI asynchronous communications increases with the number of processes

writing the variables. A large number of simultaneous MPI asynchronous communications

can significantly impact the performance, as suggested in [98].

5.6. Summary

In this chapter, we introduced the compression feature for classic NetCDF variables.

We referenced HDF5’s approach and designed a chunked storage layout for the classic

NetCDF data model. We compared discussed the pros and cons of our design versus
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HDF5’s under different I/O patterns. We proposed the concept of using I/O aggregation

to alleviate the limitations on parallel I/O performance on compressed data.

We evaluated our solution on a supercomputer using I/O kernels of real-world appli-

cations. The result shows that I/O aggregation is very effective at improving parallel I/O

performance on compressed data when there is more than one variable involved. Based on

this finding, we strongly encourage other developers to support I/O aggregation in their

I/O library or application to enable the opportunity for optimization across multiple I/O

requests.

We plan to incorporate our work in the PnetCDF library. We hope our compres-

sion feature in PnetCDF can accelerate the adaptation of data compression of NetCDF

applications.
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CHAPTER 6

IMPROVING PARALLEL HDF5 PERFORMANCE WITH

LOG-BASED STORAGE LAYOUT

As the scale of HPC (High-performance Computing) systems continue to grow, the

bottleneck on parallel I/O performance has become more and more obvious. Most HPC

applications perform their I/O tasks through high-level I/O libraries. ADIOS, HDF5,

and NetCDF are the most widely used I/O libraries among HPC applications. ADIOS is

known to outperform the other two libraries in many HPC applications, especially those

with a complex I/O pattern.

A major contributing factor to the performance discrepancy is the way they organize

the data in the file. HDF5 and NetCDF store the data in a contiguous layout in which

data are flattened into the file space according to canonical order. It requires MPI-IO, the

I/O middleware for parallel file access, to perform inter-process communication to reorder

the data into canonical order. The overhead on communication can often lead to subpar

I/O performance, especially on complex I/O patterns.

HDF5 offers an alternative chunked storage layout in which a dataset is divided into

chunks and the canonical order is only enforced within individual chunks instead of the

entire dataset. This feature has shown improvement in I/O performance in many applica-

tions. However, the effect becomes limited when facing I/O patterns consisting of a high

volume of noncontiguous and irregular I/O requests.



105

ADIOS, on the other hand, adopts a log-based storage layout in which a process

always writes a contiguous block in the file regardless of the I/O pattern. Log-based

storage layout stores the data as-is along with metadata to describe their logical location.

In this way, the expensive overhead of rearranging the data is deferred to the reading stage.

Lack of expensive rearranging overhead makes log-based storage layouts less susceptible

to complex I/O patterns [16].

Despite many optimization efforts, the inherent disadvantage makes contiguous storage

layouts difficult to compete with log-based storage layouts on parallel I/O. As applications

scale to more compute nodes the performance gap will grow. We expect log-based storage

layouts to receive more attention in future HPC applications.

In this chapter, we studied different I/O challenges when storing data in a log-based

layout using PnetCDF, ADIOS, and HDF5. We designed two log-based storage layout

architectures, one for HDF5 files and another one for NetCDF files. For each file format,

We explore a different approach to tackle a major limitation of log-based storage layout

- metadata overhead. Because the data is unorganized, log-based layouts need to store

additional metadata to keep track of the structure of the data so they can be read.

While the size of the metadata is usually negligible, it can exceed the size of the data

in some cases. The metadata overhead increases the total I/O amount and negates the

performance gain from the improved I/O pattern.

For HDF5 files, we developed an HDF5 Virtual Object Layer (VOL) plug-in that

enables a log-based storage layout for HDF5 datasets. The plug-in intercepts HDF5

dataset operations and records write requests into a log-based data structure. We designed

a framework to store the data and metadata using HDF5 data objects. We explored several



106

methods to reduce the metadata overhead inspired by our observation of the I/O pattern

in some real-world applications.

For NetCDF files, we extend the PnetCDF library to support a log-based storage

layout. We store the log structure in NetCDF data objects. We introduce new APIs

that allow applications to define an I/O pattern and associate NetCDF variables with

predefined I/O patterns. In this way, the application can define its I/O pattern in an

efficient way that minimizes the metadata size.

We evaluated the three designs on Summit at Oak Ridge Leadership Computing Fa-

cility (OLCF) [99, 100, 4, 101] and Cori at National Energy Research Scientific Com-

puting Center (NERSC) [30, 31]. We studied them on various I/O patterns, including

rank-based appending I/O patterns, subarray I/O patterns, and the extracted I/O kernels

of the E3SM [65] simulation framework.

The experiment demonstrates the advantage of using a log-based storage layout. log-

layout based VOLachieves up to 9 times the parallel write performance of PnetCDF which

is currently the fastest I/O library that stores data in a canonical layout. log-layout based

VOLalso outperform ADIOS most of the time, approaching the performance of tailored

log-based I/O module in many cases. It suggests that the metadata reduction techniques

and other optimizations we incorporated in our design are very effective.

6.1. Related Work

6.1.1. Log-based Storage Layout

Log-based storage layout achieves its parallel write efficiency by deferring the expensive

overhead of data rearranging to the reading stage. fig. 6.1 demonstrates the difference
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Figure 6.1. Canonical storage layout vs log-based storage layout.

between canonical storage layout and log-based storage layout. Instead of organizing the

data in canonical order, a log-based storage layout appends the data as-is and records its

logical location, so the data can be reordered later on. It allows applications that are less

sensitive to read performance to trade it for write performance.

Log-based storage layout is widely used to organize data across a wide range of applica-

tions, including high-level I/O libraries [80, 102, 103], low-level I/O middlewares [104],

and file systems [105, 106]. Kimpe et al. introduced a log-based buffering mechanism

for MPI-IO that records I/O requests in a log-based data structure and replays it into

canonical order when the file is closing [16]. Bent et al. developed a virtual parallel file

system that remaps the preferred data layout of user applications into a log-based storage

layout optimized for the underlying file system [27]. Rosenblum and Ousterhout designed
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a file system that stores data in a log-based storage structure [28]. Dai et al. designed a

log-structured file system for buffering sensor data in microsensor nodes [107].

6.1.2. HDF5 Data Model

Hierarchical Data Format 5 (HDF5) [60] is a self-describing file format popular among

scientific applications. The HDF5 Abstract Data Model [90, 108] provides a variety of

data objects for organizing data.

The data objects highly related to this work are attributes, datasets, and groups.

Attributes are metadata that can be attached to describe other data objects. Groups are

containers for organizing data objects that can be nested. Every HDF5 file comes with a

root group that contains all data objects.

A dataset is a high-dimensional array for storing applications’ data. The shape of a

dataset is specified by a dataspace. Applications can access any part of a dataset by

setting a selection on the corresponding dataspace in the form of hyper-slabs (sub-

arrays).

6.1.3. HDF5 Virtual Object Layer

While the HDF5 data model is popular in a wide range of scientific applications, it is

difficult to cater to the need of all types of applications in a single file format [109]. To

address this limitation, HDF5 introduces a virtual object layer (VOL) [110]. HDF5’s

VOL is an abstraction layer that intercepts HDF5 API calls related to data objects and

forwards them to a pluggable module that handles the operation. The module handling

the operations is called an object driver, or, in short, driver. The VOL allows the
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implementation of the HDF5 data model using different file formats and I/O strategies.

The VOL is transparent to applications and can be enabled through environment vari-

ables. Users can select the driver that fits the specific characteristics of their data and

the underlying file system without the need to modify their source code.

A VOL object driver does not have to implement all HDF5 operations from scratch.

It can utilize the functions of other VOL drivers. The developer can implement a part of

the HDF5 operations and pass other operations to another driver. This stackable design

provides flexibility to developers while maintaining compatibility.

The HDF5 library includes 2 object drivers. The native driver implements the native

HDF5 file format. The pass-through driver pass all operation to another driver in a

way that is transparent to applications. It serves as an example for driver developers.

Other notable object drivers includes the async VOL[111], the PDC VOL[109], the data

elevator VOL [23], the cache VOL [112], and the DAOS VOL [113].

6.1.4. ADIOS and BP File Format

The Adaptable Input/Output System (ADIOS) [80] is a high-level unified framework

for handling extreme-scale parallel I/O workloads. It has demonstrated superior I/O

performance on modern parallel file systems over other parallel I/O libraries on leadership

supercomputers credited to the efficient log-based binary pack (BP) format it uses [114].

A BP file is made up of a series of process groups stored one after another starting

at the beginning of the file and followed by the footer. A process group (PG) is a self-

contained log data structure for recording I/O operations from a process in a timestep

(a session of file access by the application). Each PG occupies a contiguous space in
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the file and is written exclusively by a single process. A process can write multiple

PGs. I/O operations in different timesteps are stored in separate PGs. A PG starts

with a header containing information about the timestep, the transport methods used,

and other metadata of the PG. Immediately after the header is the list of variable write

records followed by the list of attribute write records.

For each variable write operation, ADIOS records the name of the variable written,

the data to write, the logical location of the data within the variable, the datatype, and

other characteristics of the data. Attributes are recorded in a way similar to variables. A

special form of variables is local variables. Local variables are only a collection of data

blocks without any additional metadata. It is left to the application to interpret the data

blocks.

Unlike most self-describing file formats that use a header to store the file metadata,

BP files place the metadata in a footer at the end of the file. The footer contains three

indexes, one for PGs, one for variables, and one for attributes. The PG index is a list in

which each entry records the file offset of a PG and the rank of the process that wrote

it. The variable index contains references to all variables in the PGs along with a copy

of all metadata. Similarly, the attribute index contains references to all attributes in the

PGs. Having a copy of the metadata in both the footer and individual PGs allows efficient

construction of both local and global views of the variables. A the end of the footer are

four 64-bit integers. The first three are the file offset of the indexes, the last one is the

version number.

ADIOS 2 [115] is the successor of ADIOS. ADIOS 2 introduces two new versions of

the BP format - BP4 and BP5. BP4 records data and metadata in separate files to reduce



111

the number of file-seeking operations. BP5 introduces optimizations to improve efficiency

when there are a large number of variables and timesteps.

6.2. Design of Log-layout based VOL Driver

We designed and developed the log-layout based VOL, a lightweight VOL plug-in to

enable a log-based storage layout for HDF5 datasets. Instead of recording the content of

datasets in the file, the log-layout based VOL records a history of the write operations

performed on datasets. The records can be used to reconstruct the data when it is needed.

The log-layout based VOL only intercepts and handles HDF5 operations related to the

use of a log-based storage layout. Other operations are passed directly to the underlying

VOL in a way similar to the pass-through to maximize the compatibility for existing

HDF5 applications.

While the concept of log-based storage layout is not new, we introduced several opti-

mizations in our design of log-layout based VOL. They were inspired by our observation

of the I/O pattern in some real-world applications and the bottlenecks we encountered

when applying log-layout based VOL on them. Some optimizations address limitations

of log-based storage layout while others target bottlenecks in the HDF5 framework.

6.2.1. Metadata and Log Layout

The log-layout based VOL creates additional datasets, attributes, and groups in an HDF5

file to store additional data and metadata required for its operation. Data objects used

internally by the log-layout based VOL are identified by a special prefix in their name

and are hidden from applications. The file created through the log-layout based VOL is
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a valid HDF5 file except that the meaning of the content can only be understood by the

log-layout based VOL.

We refer to the data structure used to record dataset operations as the log. The log

is made up of two parts: a metadata log, and a data log. The data log stores the data

of dataset write operations while the metadata log stores other information describing

the operation. Separating data and metadata allows the log-layout based VOL to search

through metadata entries without the need to do file seeks when handling a read request.

A record in the log is a pair of an entry in the data log and an entry in the metadata log.

It represents a single write operation to a dataset.

The log is stored in a hidden group under the root group created when the file is

created. We store the log entries in one-dimensional contiguous datasets. The log entries

are encoded and stored in the datasets one after another. We refer to this kind of encoded

(not understandable by other applications) data block that occupy a contiguous space in

the file as a blob. The metadata log and the data log are stored in separate datasets.

There can be multiple datasets for the metadata log and for the data log. The Log-layout

based VOL records the number of datasets for the metadata log and the data log as

internal attributes.

The log-layout based VOL creates all HDF5 datasets as scalar datasets regardless of

the specified dimensions. Since the log-layout based VOL stores the data of datasets

separately in log-based data structures, the space allocated for datasets in an HDF5 file is

left unused. Making datasets scalar reduces the file size while complying with the HDF5

specification. The original dimensions and maximum dimensions of the dataset are stored
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Figure 6.2. Archtecture of log-layout based VOL. The HDF5 API is colored
green. The log-layout based VOL is colored blue. The VOl layer and other
VOLs are colored gray. Orange arrows indicate the path of I/O requests
from applications to the file system. log-layout based VOL is a hybrid VOL,
so different types of requests may take a different path.

as hidden attributes of the dataset. When the application queries the dataspace, the log-

layout based VOL reconstructs it using the attributes. Each dataset is assigned a unique

ID to identify them in the log.

6.2.2. Writing HDF5 Datasets

On each HDF5 H5Dwrite call, the log-layout based VOL appends an entry in the log

to represent the H5Dwrite operation. A metadata log entry includes: (1) the ID of the
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dataset involved in the operation; (2) the selection in the dataset data space; (3) the offset

of the data in the file; (4) the size of the data in the file; (5) the size of the metadata entry;

and (6) flags that indicates the endianness of the entry and other information for future

extension. The dataset dataspace selection is stored as a list of hyper-slabs (subarrays). If

the selection has an irregular shape, the log-layout based VOL decomposes it into disjoint

hyper-slabs. Element selections are treated as hyper-slab selections with unit-sized hyper-

slabs.

A data log entry contains the data of the part of the dataset selected in the operation.

If the dataset space selection contains multiple hyper-slabs, the data is ordered according

to the order of the hyper-slabs in the corresponding metadata log entry, ie., the data of

the first hyper-slab, followed by the data of the second hyper-slab. If the memory space

selection is not contiguous, the data is packed into a contiguous buffer. If the memory

data type does not match the dataset data type, the log-layout based VOL converts the

data into the type of the target dataset. After type conversion, the data went through

the filter pipeline associated with the dataset before being written to the data log.

Appending log entries to the shared log structure requires communication between

processes to avoid overwriting each other. Such communication can become a bottleneck

if performed on every H5Dwrite call. We tackle this problem using I/O aggregation. On

an H5Dwrite call, the log-layout based VOL does not record the operation immediately

into the log. It caches the log entries in the memory. The aggregation is transparent to

applications. log-layout based VOL stores a copy of the data internally so the application

can modify the buffer after H5Dwrite returns. If the application does not reuse the data

buffer, data copying can be disabled in the dataset transfer property list (dxpl) to improve
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performance. The size of the buffer to store the data is also configurable in the file access

property list (fapl).

The data log is flushed when the file is closing, when the datasets are being read,

and when the application calls H5Fflush. On each data log flush, log-layout based VOL

creates a new dataset for the aggregated data. Each process writes a contiguous block of

its data. The metadata log is only flushed when the file is closing or when the metadata is

needed by a read operation. On each metadata log flush, log-layout based VOL creates a

new dataset for the cached data. In a metadata dataset, each process writes a contiguous

block of metadata entries referred to as a metadata section. A section contains exclusively

the metadata written by one process. It can be decoded independently no matter how the

metadata was encoded. log-layout based VOL records the number of metadata sections

and the boundary of each section at the beginning of the metadata dataset.

6.2.3. Metadata I/O

A major drawback of log-based storage layouts is the additional metadata required to

describe the unorganized data. The metadata overhead increases the total I/O amount,

increasing storage demand and negating the performance gain from the improved I/O

pattern. The log-layout based VOL generates a metadata entry per write operation per

process. A metadata entry has a fixed size irrelevant to the size of the data. While the size

of the metadata is usually negligible, in applications that make many small and fragment

write requests, the size of the metadata can become significant, sometimes even exceeding

the size of the data. We incorporate several techniques in the log-layout based VOL to

minimize the size of the metadata entries.
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A direct contributing factor to the size of a metadata entry is the way it is encoded.

A log-layout based VOL metadata entry is divided into 2 parts, the header followed by

the dataset dataspace selection. The header records the size of the metadata entry, the

ID of the dataset, the file offset and size of the data, and a flag indicating the type of

encoding used to encode dataspace selection. It allows log-layout based VOL to select

proper encoding for different types of I/O patterns.

The most simple form of dataspace selection is a single block (hyper-slab). We record

its starting coordinate in the dataspace and the size of the block along each dimension.

If the selection consists of more than one block, we record the number of blocks followed

by the blocks.

For high-dimensional datasets, representing the blocks by their bounding box is a

waste of space. Although HDF5 dataspace allows dimensions that are as large as 264, in

practice, the dataset must fit in the file which is less than 264 bytes. Given the dimensions

of a dataspace, there exists a one-to-one mapping between points in the dataspace and

64-bit integers. Instead of recording the high-dimensional coordinates, we record their

canonical order when flattened into 1-dimensional space. In other words, if we store the

corresponding dataset in a contiguous layout, the file offset of each element represents its

coordinate in the dataspace. The size of the block is encoded in the same way. Resizing

the dataset, except along the most significant dimension, changes the mapping. We record

the current size of the dataset before the blocks so they can be decoded correctly. This

encoding method is only used on datasets with at least 2 dimensions and when there is

more than one block in the selection.
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Compression is a straightforward way to reduce the size of any data. When many

blocks are selected in a metadata entry, log-layout based VOL will try to compress the

blocks. If compression yields a smaller size, the selection blocks are replaced with the

compressed stream. To make the blocks more compressible, we store the offset of the

blocks and the size of the blocks in 2 separate arrays. While the offsets are always

different, the sizes may be the same in some applications. Storing them together makes

the redundancy easier to detect by the compression algorithm.

Another intuitive yet effective method to reduce the metadata size is deduplication.

We observed that many applications store their data across multiple datasets. Each

dataset represents a variable or property in the problem domain. The dataspace selections

on those datasets are highly repetitive as they are based on the same decomposition of

the problem domain.

The log-layout based VOL maintains a hash table of all I/O patterns the application

used so far. For every new write request, the dataspace selection is compared with known

patterns in the hash table. If there is a match, log-layout based VOL replace the blocks

with a 64-bit reference to the metadata entry sharing the same I/O pattern. Otherwise,

the blocks are recorded as is, and the I/O pattern is inserted into the hashtable.

A special type of write operation is writing records. Some simulation applications

run for multiple iterations (time steps) and write out the result at the end of each it-

eration. The output of each iteration is usually stored in datasets in which a unit slice

along the most significant dimension contains the output of an iteration. If all selected

blocks in a write request fall within a unit slice of the dataset along its most significant

dimension, we consider it a record write. Similar to the case across datasets, the I/O
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pattern across records is likely to be identical except for the most significant dimension

(iteration number). We store the record number (iterations) separately and eliminate the

most significant dimension from the blocks. It does not reduce the size of the blocks but

allows us to deduplicate across records. If the I/O pattern of a write request matches a

previously seen entry, the log-layout based VOL stores the record number followed by the

reference.

6.2.4. Reading HDF5 Datasets

The log-layout based VOL is designed for trading read performance for write performance,

so we did not apply any optimizations on dataset read. While there are works that focus

on read performance in log-based storage layout [116], they are beyond the scope of this

work. The log-layout based VOL handles read requests by iterating through the log for

entries that contain the requested data and then stitching the data together into the

user buffer. It can be very inefficient if the read request involves too many entries. For

applications that are sensitive to read performance, we provide a tool to convert log-layout

based VOL files into traditional HDF5 files.

H5Dread calls are handled in the following steps. First, the log-layout based VOL

flushes all pending write requests to the file so they can be seen by every process. Processes

then collectively read and independently decode the metadata entries in the metadata log

by iterating through the metadata datasets. The decoded entries are stored in an array-

based index grouped by dataset ID. Each process maintains its own copy of the index.

After the index is ready, the log-layout based VOL iterates through the index for any

block of the data written to the dataset that intersects with the dataspace selection in
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the read request. For each intersection, the log-layout based VOL constructs an MPI

datatype to represent the selected part of the data in the data log entry. If the data

is filtered, the entire data log entry is selected, and a temporary buffer is allocated to

store the unfiltered data. The datatypes of each intersection are then combined into a

structure type (MPI_Type_create_struct) for setting the MPI file view to read the data.

MPI requires that the file offsets accessed in a file view be monotonically increasing. If

the data accessed by two intersections interleave each other, that is, the region between

their first byte accessed and their last byte accessed overlaps, their datatypes are broken

down into file offset and length pairs and sorted into increasing order.

Another MPI datatype is generated in a similar way to cover the corresponding loca-

tion in the memory buffer. Data that needs to be unfiltered or type converted is read to

the temporary buffer. Data that does not need any post-processing is read directly into

the user buffer. The log-layout based VOL then uses the combined structure types to

collectively read the data from the file. The final step is to un-filter the data and copy

the selected part into the user buffer.

For datasets that are associated with a fill value, the user buffer is pre-initialized to

the fill value of the dataset before being overwritten by the data gathered in the log. If

no log entries intersect a region in the selection, the corresponding user buffer will not

be touched, leaving the fill value in the user buffer. This approach supports fill value

without any I/O operation by taking advantage of the way read requests are handled

under log-based storage layouts. Canonical storage layouts, on the other hand, do not

have this opportunity and must actually write the fill value to the file.
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A potential problem of this design is that the size of the index may be large. Unlike

in the case of writing where each process only needs to store the metadata generated

by itself, the index for reading must contain all metadata entries in the file, effectively

caching the entire metadata log in the memory of each process. As log-layout based

VOL records a metadata entry per process per write operation, the size of the metadata

increases proportionally to the number of processes under the same I/O pattern. On a

larger scale, there may not be enough memory to index all metadata entries. We allow

the user to specify the amount of memory that can be used on the index. If the available

memory is not enough to index all metadata entries, log-layout based VOL will perform

index searching on one section of metadata at a time.

6.3. Experiment Setup

We ran experiments on Summit at Oak Ridge Leadership Computing Facility (OLCF)

[99, 100, 4, 101] and Cori at National Energy Research Scientific Computing Center

(NERSC) [30, 31]. Summit is comprised of approximately 4608 IBM Power System

AC922 nodes connected by Mellanox Dual-rail EDR InfiniBand in a Non-blocking Fat

Tree topology providing a node injection bandwidth of 23 GiB/s. Each node has 2 IBM

POWER9 processors providing 44 cores/176 threads and 512 GB DDR4 memory. We

ran 84 processes per node on Summit. Should the number of processes used not divide

84, we allow some nodes to host fewer processes. The test file system on Summit is an

IBM Spectrum Scale GPFS consisting of 77 Elastic Storage System units [117] with a

theoretical peak performance of 2.5 TiB/s or around 8 GiB/s per node [118].
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Cori is comprised of 2388 Haswell nodes and 9688 KNL nodes [119]. The interconnect

is Cray Aries with Dragonfly topology providing 5.625 TiB/s global bandwidth. A Haswell

node has 2 Intel® Xeon™ E5-2698 v3 processors providing 32 cores/64 threads and 128

GB DDR4 memory. A KNL node has 1 Intel® Xeon Phi™ 7250 processors providing 68

cores/272 threads and 96 GB DDR4 memory and 16 GB MCDRAM. We ran 64 processes

per node on Cori. Should the number of processes used not divide 64, we allow some

nodes to host fewer processes. The theoretical peak parallel I/O bandwidth under this

setup is around 115 GiB/s for the lustre file system [31], or about 1 GiB/s per Haswell

node and 350 MiB/s per KNL node [88].

Since log-based storage layouts produce additional metadata, the I/O size differs from

canonical layouts and varies across different designs. For a fair comparison, we introduced

a measurement called effective I/O bandwidth. The effective I/O bandwidth is defined as

the size of the data written by the application divided by the total time of I/O operation.

The effective bandwidth accounts for the metadata overhead of log-based storage layouts.

We evaluate our designs in three different I/O patterns, a block-appending pattern, a

checkerboard partitioned subarray pattern, and the I/O kernel of the E3SM simulation

framework [65]. For each I/O pattern, we compared the effective bandwidth between our

two different designs of log-based storage layout along with ADIOS2. We also include

canonical storage layouts of PnetCDF and HDF5 as a reference. As the file system is

shared, we report the highest measured bandwidth across at least 3 runs to mitigate the

interference from other applications. Experiments of different configurations are inter-

leaved to reduce the effect of file system caching.
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We used the latest version of PnetCDF (1.12.3), HDF5 (1.13.0), and ADIOS (2.7.1)

at the time of our experiment. Both libraries were built with the default toolchain on the

experiment machine and ran with their default configurations.

6.4. E3SM Case Study

Table 6.1. E3SM I/O Dataset Properties and Configurations

Property\File F-H0 F-H1 G I-H0 I-H1
Number of processes 21600 21600 9600 1344 1344
Total size of data (GiB) 14.09 6.68 79.69 86.11 0.36
Number of fixed sized variables 15 15 11 18 10
Number of record variables 399 36 41 542 542
Number of records 1 25 1 240 1
Number of partitioned vars 25 27 11 14 14
Number of non-partitioned vars 389 24 41 546 538
Number of non-contig requests 174953 83261 20888 9248875 38650

Energy Exascale Earth System Model (E3SM) is a coupled model used for modeling,

simulation, and prediction of the Earth’s climate [65]. We evaluated our implementation

with a benchmark program that mimics E3SM’s I/O kernel using the I/O pattern captured

by the PIO library [96]. The problem domain is represented by cubed sphere grids, which

produce long lists of small and non-contiguous I/O requests across MPI processes. Also,

E3SM writes a large number of variables, generating a high amount of metadata. It

represents one of the most challenging I/O patterns for high-level I/O libraries.

We used the I/O pattern collected from a high-resolution simulation of E3SM [97].

E3SM contains specific models for each component in the earth system. Each model

writes its own output file with a different file structure and I/O pattern. We take the

output from the atmospheric component (F case), the oceanic component (G case), and
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the land component (I case). The properties of their output and configurations are shown

in table 6.1. The F case produces two files - H0, and H1. It generates a large amount of

small non-contiguous requests. The G case writes one file. Compared to the F case, the

G case generates fewer but larger requests. The I case produces two files - H0, and H1.

It generates a lot of fragment requests like the F case. The difference is that the I case’s

requests do not fully cover the logical space of datasets. Also, the requests span across

many records (time steps).

The E3SM I/O pattern presents a great challenge to I/O libraries. Its data span

hundreds of variables and hundreds of records. The space-filling curve used to divide the

problem space cause the processes to issue a large number of fragment I/O requests and a

near-random (from the perspective of the underlying I/O library) I/O pattern. Canonical

storage layout performs poorly under this pattern due to tremendous communication

overhead to rearrange fragments and near-random requests. Log-based storage layouts

do not perform well either. Although it does not rearrange the data, a log-based storage

layout requires additional metadata to describe the I/O operation in every log entry. With

hundreds of thousands of fragment requests, the metadata size can easily grow beyond

the size of the data, increasing the write amount and I/O time by many folds. To the

best of our knowledge, no existing I/O library can achieve satisfactory performance on

raw E3SM I/O pattern.

To improve I/O performance, the E3SM team developed a tailored I/O module called

Scorpio which writes E3SM data using the ADIOS library. Scorpio stores E3SM data in

ADIOS’s local variables in which ADIOS does not record any metadata. The canonical

location of the data is stored in separate variables referred to as the decomposition
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Figure 6.3. Process-centric log-based layout vs variable-centric log-based
layout. Rank 0’s blobs are shaded red. Variable j’s blobs are shaded green.
The blob belonging to both rank 0 and variable j is shaded yellow.

map. Each local variable is linked to a decomposition map so that the canonical order

of the data can be reconstructed if needed. With knowledge about the I/O pattern and

application need, the size of the decomposition map can be reduced significantly compared

to what ADIOS would have generated. In this way, the Scorpio module can take advantage

of ADIOS’s log-based storage layout while avoiding most of the metadata overhead.

6.4.1. Supporting log-based data layout in PnetCDF

Inspired by Scorpio’s approach, we designed a similar log-based storage layout module

inside PnetCDF [9]. For simplicity, we refer to this I/O method PnetCDF-log. We
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introduce new APIs in the PnetCDF library that allow the application to define NetCDF

variables in a log-based storage layout. Unlike log-layout based VOL which encodes the

selection in each I/O operation into metadata, the metadata is defined a prior by the

application.

Similar to other log-based storage layout designs, we adopt sub-filing to reduce lock

contention in the parallel file system. The processes are divided into groups and processes

in each group access only one subfile. By default, PnetCDF will create a NetCDF file

for each compute node. In each subfile, we store as a file attribute the total number

of processes (across all subfiles), the number of decomposition maps, and the number

of subfiles. There is also a new dimension, nproc, representing the number of processes

sharing the NetCDF file.

6.4.1.1. The decomposition map. The concept of deomposition map is first intro-

duced in the PIO library [120]. A decomposition map defines the region of responsibility

of each process within a global variable’s data space. For each process, the decomposition

map records a list of file offsets accessed by that process relative to the beginning of the

variable. When writing to variables associated with a decomposition map, the application

does not specify the location to write and the location defined in the decomposition map

is assumed. The role of decomposition maps is comparable to the metadata login the

log-layout based VOLas they both hold the metadata of variable write operations.

We borrow the concept of a decomposition map into PnetCDF. In PnetCDF, a de-

composition map records the high-dimensional subarrays (represented by start and count)

subarrays accessed by each process instead of flattened file offsets used in PIO. This design

allows the coalescing of adjacent accesses to reduce the size of the decomposition map.



126

Despite the difference, we also refer to its decomposition map (PIO’s terminology) as they

serve the same purpose.

A new API named ncmpi_def_decom is used to define a decomposition map in a

NetCDF file. The user specifies the dimensions to decompose in a way similar to defining

variables. The subarrays are specified by a list of starting coordinates and a list of edge

lengths similar to that in ncmpi_put_varn APIs. Each process calls ncmpi_def_decom

with the subarrays they are responsible for. A decomposition map can be analogized to

an HDF5 dataspace with a predefined selection for each process. Each decomposition

map is assigned a unique ID which is used to associate them with variables.

We store the decomposition map as well as other metadata as NetCDF variables and

attributes. A decomposition map is stored as two dimensions and five variables. The

first dimension, Dx.nelems represents the total number of elements in the decomposi-

tion map, which is equal to the product of the size of the decomposed dimensions. The

second dimension, Dx.max_nreqs represents the maximum number of subarrays accessed

among processes sharing the NetCDF file. Variable Dx.nreqs is a 1-dimensional variable

of dimensions same as the number of processes writing to the file ((P)). It indicates the

number of subarrays accessed by each process. The variable also stores the ID of the de-

composed dimensions of the decomposition map as its attribute. Variable Dx.blob_start

and Dx.blob_count is a 1-dimensional variable of dimensions (P). They represent the

offset (relative to the beginning of the variable) and size (in the unit of variable ele-

ments) of the data from each process in a decomposed variable. Variable Dx.offsets and

Dx.lengths is a 2-dimensional variable of dimensions (P)x Dx.max_nreqs. They are the

starting coordinates and size of subarrays accessed by each process encoded into 64-bit
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0 2 5 1 3 4

Decomposed Var. 1 Decomposed Var. 2

Restored Var. 1 Restored Var. 2

Decomposition map

Figure 6.4. Two decomposed 1-dimensional NetCDF variables sharing the
same decomposition map. The variables are shared by two processes. Blue
and orange cells are written by rank 0 and 1 respectively. The lower part
shows the decomposed variables and their decomposition map. For sim-
plicity, we only show variable Dx.offsets in the decomposition map. The
solid black arrow indicates the association between the variables and the
decomposition map. The numbers in the decomposition map indicate the
original position of each element in the decomposed variables. The upper
part demonstrates the restored traditional variables and the original I/O
pattern. The dashed arrows demonstrate the reconstruction of the original
data layout from the decomposed variable using the decomposition map. It
is only shown for variable 2 to make the figure clearer.

integers in a way similar to that in section 6.2.3. Note that processes access a different

number of subarrays, so some elements of the variables are left empty. All decomposi-

tion map variables contain an attribute describing their content to make them easier to

understand by third-party developers.
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6.4.1.2. Decomposed variables. The variable stored in a log-based storage layout is

called a decomposed variable. To define a decomposed variable, the application first

defines its decomposition map and then associates the variable with the decomposition

map. A variable can have at most one decomposition map, but a decomposition map

can be associated with multiple variables. A decomposed variable must be accessed with

the same number of processes defining the decomposition map. Variables without a

decomposition map are considered traditional variables.

A new API named ncmpi_def_decom_var is used to define a decomposed variable

in the log-based storage layout. Its interface is similar to ncmpi_def_var except for

an additional argument to specify the decomposition map. A variable can be partially

decomposed, meaning that it contains non-decomposed dimensions, such as the time

(record) dimension. The non-decomposed dimensions precede the dimensions defined in

the decomposition map. Note that a NetCDF dimension can be used multiple times in a

variable, so a dimension can be a variable’s non-decomposed dimension while being part

of its decomposition map. A decomposed variable has the dimension representing the

size of its decomposition map attached to the end of its non-decomposed dimensions. For

example, a 2-D variable of dimensions row x col decomposed by decomposition map 1 is

created as a 3-D variable of dimensions row x col x Dx.nelems. The additional dimension

is hidden from applications. In a decomposed variable, the data along the decomposed

dimensions are reordered into a log-based storage layout in which each process writes a

single block of data after the blocks of processes of smaller rank. The original order is

defined in the decomposition map so that a traditional variable can be reconstructed later

on.
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fig. 6.4 demonstrates two processes writing two decomposed variables sharing the same

decomposition map. Rank 0 writes 3 elements at positions 0, 2, and 5. Rank 1 writes

3 elements at positions 1, 3, and 4. The first half of the decomposition map represents

the position of the elements written by rank 0, and the second half represents that for

rank 1. When writing a decomposed variable, processes always write all of its data to a

contiguous region regardless of the I/O pattern. In this figure, rank 0 writes the first 3

elements, and rank 1 writes the later 3 elements. To reconstruct the original variable, we

read each element in the decomposed variable and write them to the position indicated

by the number in the decomposition map at the corresponding index.

The same API for accessing traditional variables is used to access decomposed vari-

ables. Applications specify the selection in the non-decomposed dimensions, ie., dimen-

sions other than the least significant one. The selection within the decomposed dimensions

is defined by the decomposition map. At each selected coordinate, the data of the decom-

posed dimensions is packed into a blob and written to the corresponding 1-D subspace at

the offset indicated by Dx.blob_start.

6.4.1.3. Comparison with log-layout based VOL and Scorpio. This design differs

from log-layout based VOL and Scorpio in the way data are organized in the file. Under

this design, each process writes one blob per variable per process instead of a single

contiguous space in the file no matter how many variables are defined and written in the

file. In other words, there is only one blob per MPI process in the file in contrast to

one blob per variable per process in PnetCDF. We refer to it as variable-centric data

layout, and the design in log-layout based VOL process-centric data layout. ADIOS’s

BP file format and our log-layout based VOL also use the process-centric data layout.
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fig. 6.3 demonstrates the different between variable-centric data layout and process-centric

layout. Compared to variable-centric data layout, process-centric layout results in

a simpler I/O pattern. The data is flushed in a single MPI collective write call to a con-

tiguous space in the file. It also creates fewer internal data objects that the underlying

library has to manage because all data are stored in a single variable. However, the mem-

ory footprint can be large, as all write requests during the entire file open-to-close session

must be cached internally. It is also very expensive to append new records to record vari-

ables after the file is written. To maintain the process-centric layout, the blobs of the

later process must be relocated to accommodate growing previous blobs. Processes have

to read back their blob, pack it with newly written data, and then repeat the flushing

procedure, The variable-centric layout does not incur such penalties as the blobs are

stored inside each variable. As long as the underlying library supports the expansion of

variables, no further steps are required to append new records to the file.
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Figure 6.5. E3SM I/O effective write bandwidth comparison. (c) shows the
time log-layout based VOLspent in each step in E3SM I/O. We use ’F’ for
the atmospheric component, ’G’ for the oceanic component, and ’I’ for the
land component.
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Figure 6.6. E3SM I/O log-based layout replay utility read time compari-
son. ADIOS cannot finish in a reasonable time in some cases. They are
represented by bars that fade out gradually.

6.4.2. E3SM I/O performance evaluation

We compare E3SM performance between PnetCDF, ADIOS with Scorpio, log-layout

based VOL, and PnetCDF-log. PnetCDF stores the data in a single shared file while

other I/O methods write one file per compute node (subfiling). For PnetCDF that uses

a shared file setup, the Lustre on Cori is configured to 128 stripes and a 16 MiB stripe

size. For other I/O methods that employed subfiling, the Lustre on Cori is configured

to 8 stripes and a 1 MiB stripe size. The reason for using 8 stripes per subfile is to use

more than one aggregator in an MPI collective write call as a single core cannot saturate

the bandwidth of the NIC and the I/O capacity of an OST [88]. Although the ADIOS

community suggests setting Lustre to one stripe (one OST per node)[121], we use the

same setting as other log-based I/O methods for a fair comparison. We also tested ADIOS

using one stripe, but the difference in performance is negligible.

The write performance numbers are shown in fig. 6.5. The advantage of log-based

storage layout and subfiling over a single shared file canonical storage layout is obvious.

Conventional HDF5 with canonical storage layout cannot finish in a reasonable time, so
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it was not presented. PnetCDF was able to finish due to its ability to aggregate the

fragment I/O requests [64] into large and more efficient requests. Still, log-layout based

VOLis 5.4, 5.7, and 10.9 times faster than PnetCDF on F, G and I case respectively.

Log-layout based VOLperforms better than ADIOS in almost all write cases. Note that

ADIOS enjoy the assistance of the Scorpio module while log-layout based VOLdoes not.

We tried to run ADIOS without the Scorpio module but it took too long to finish. Despite

handling a more complex I/O pattern (metadata), log-layout based VOLstill out-perform

ADIOS. The reason is the difference in I/O methods used by the two libraries. Log-layout

based VOLwrites log entries using MPI collective IO while ADIOS by default has a single

process writing the log [122] using POSIX I/O directly. On Cori, an output file is striped

across 8 OSTs. Under this setup, MPI (ROMIO) will use 8 processes (aggregators) per

node (subfile) to handle a collective write request compared to only 1 in ADIOS. The

gap is much narrower on Summit because MPI adopts a one aggregators per node policy

similar to ADIOS on GPFS.

PnetCDF-logperforms the best among all log-based I/O methods, surpassing log-

layout based VOLby a noticeable margin thanks to a tailored I/O rearrangement layer

combined with the lightweight NetCDF file format.

As described in section 6.2.4, reading from datasets stored in a log-based layout directly

is very inefficient and unscalable. Due to the data being unstructured, the library has to

compare the selection of the read request with the selection in each log entry one by one.

E3SM’s fragment I/O pattern results in millions of log entries across hundreds of output

subfiles. In this case, reading directly from the output file becomes infeasible.
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A common workaround is to convert the data from a log-based layout to a canonical

layout when read performance is a concern. The conversion process is often referred to

as replay as it replays the write request in each log entry using an I/O method that

stores data in a canonical storage layout. Most I/O libraries using a log-based storage

layout come with a replay utility in case read performance is required. Unlike handling

read requests, the conversion process does not need to compute the intersection and the

workload is fully scalable. Log entries are evenly distributed to processes and each process

only has to read the entries it is assigned.

Instead of evaluating read performance directly on the log-based files, we evaluate read

operation in the conversion process. section 6.4.1.3 compares the time spent on reading

the data and the metadata by the replay utility of the Scorpio module, log-layout based

VOL, and PnetCDF-log. The writing time is comparable to writing E3SM data directly

in a canonical storage layout. It is not presented as they are several magnitudes higher

than the reading time, and will make reading time too small to read.

PnetCDF-logachieves the fastest read time on the F and the G case NetCDF file

format is simple and efficient. log-layout based VOLperforms better on the I case because

the conversion tool of PnetCDF-logconverts one record (time steps) at a time. The I case

contains 240 records, making each read request small. Scorpio performs poorly on this

task. In many cases, it cannot finish in a reasonable time and thus was not presented.

While the exact cause requires further investigation, our preliminary study found that

Scorpio’s replay tool handles one variable for one record at a time. It cannot finish in F

and I cases because the F case has hundreds of variables, and the I case has hundreds of

records.
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6.5. S3D I/O
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Figure 6.7. S3D I/O effective write bandwidth comparison. (c) shows the
time log-based vol spent in each step handling the S3D output file.

The S3D combustion simulation [123, 124] produces a subarray I/O pattern in which

the high dimensional problem space is sliced perpendicular to its dimensions into rect-

angular blocks. Each process handles one or more blocks. The data is usually stored as

datasets (arrays) of the same shape as the problem space in which every process writes

its data to subarrays corresponding to their blocks. In MPI-IO, it is equivalent to setting

the file view with one subarray datatype (MPI_Type_create_subarray) for each block.

Subarray patterns are commonly seen in applications using fixed-sized and fixed-

resolution grids in their solution space. Applications that produce subarray I/O patterns

including S3D[123, 124], the VORPAL plasma simulation code [125, 126], the Global

Cloud Resolving Model [127, 128]... etc.

The data contains two four-dimensional datasets and two three-dimensional datasets

of double type. Datasets are sliced along their lower three dimensions with an even

number of slices along each dimension. The blocks are 50 x 50 x 50 along the lower three

dimensions, and 11 and 3 in the fourth dimension respectively. Each process handles one

block, implying that the number of processes is cubic.
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The result is shown in fig. 6.7 The relative performance between different I/O methods

is similar to that in the E3SM case study. Log-based storage layouts still out-perform

canonical storage layouts, but the gap is smaller than that in E3SM It is because S3D’s

I/O requests contain fewer and larger non-contiguous blocks. It also allows us to measure

the performance of HDF5 in the canonical layout within the allocated time limit. Its

performance is lower than PnetCDF due to the lack of an I/O aggregation feature.

6.6. FLASH I/O
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Figure 6.8. FLASH checkpoint file effective write bandwidth comparison.
(c) shows the time log-based vol spent in each step handling the checkpoint
file.
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Figure 6.9. FLASH plot files effective write bandwidth comparison. (c)
shows the time log-based vol spent in each step handling the plot files.
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FLASH is a modular and extensible set of physics solvers, maintained by Flash Center

for Computational Science [35]. In the FLASH I/O pattern, the data to write are high-

dimensional arrays called blocks. A block usually represents the value of a variable of a

rectangular region (subarray) within the problem space. When storing the blocks in the

file, blocks of the same size are stacked one after another to form a dataset that is one

dimensional higher than the blocks. Each unit slice along the most significant dimension

is a block. Blocks handled by a process are usually stored adjacent to each other and

after the blocks of processes with smaller ranks.

This type of block-appending I/O pattern is commonly seen in applications that adopt

Adaptive Mesh Refinement (AMR) in their solution space. They include FLASH [33, 34,

20, 35], OpenPMD [129, 126], QMCPack [130], AMReX [94, 131] ... etc.

We evaluated log-layout based VOL using the I/O kernel of a FLASH application

running a block-structured adaptive mesh hydrodynamics simulation [33, 34]. The ap-

plication produces 3 files: a checkpoint file containing 24 variables, and two plot files

containing 4 variables each [20]. The data are 3-dimensional blocks of size 16 x 16 x 16.

Each process writes 80 to 82 blocks in each variable. Because FLASH I/O writes larger

blocks, we increase the Lustre stripe size on Cori to 64 MiB and 128 MiB for subfile setup

and shared file setup respectively.

The result is shown in fig. 6.8 and fig. 6.9. Although log-based storage layouts still

hold an advantage over canonical layouts, the gap is much narrower than that in S3D

and E3SM. On Cori, PnetCDF can match or exceed the performance of ADIOS in a

few cases. The reason is that FLASH’s block appending I/O pattern resembles the I/O

pattern of variable-centric log-based storage layout. In this case, PnetCDF also produces
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an efficient I/O pattern as log-based storage layouts but does not bear any metadata

overhead, leaving subfiling the only advantage of ADIOS.

6.7. Summary

In this chapter, we introduced log-layout based VOLwhich enables a log-based storage

layout for HDF5 applications. We designed the data structure to store log entries in an

HDF5 file. We proposed several techniques to improve the metadata efficiency of log

entries. We compared log-layout based VOLwith other libraries and applications using a

long-based storage layout and discussed different design choices.

We evaluated log-layout based VOLon supercomputer Cori [30, 31] and Summit [99,

100, 4, 101]. We compared the performance of log-layout based VOLwith other I/O

methods on the I/O kernel of E3SM, FLASH, and S3D applications. The experiment

result demonstrates the advantage of a log-based storage layout on complex I/O patterns.

It also proves the effectiveness of our metadata reduction techniques and the efficiency of

log-layout based VOL.

In the era of an increasing performance gap between computation and storage, log-

layout based VOLprovides HDF5 users an option to store their data in a more efficient

log-based storage layout and I/O pattern without the need to modify the code.
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CHAPTER 7

COMCLUSION AND FUTURE WORKS

In this dissertation, we look for solutions to achieve efficient and scalable parallel I/O

for exascale HPC environments. We discussed three commonly used ideas to improve

parallel I/O performance on modern parallel file systems. We presented four projects

that experiment with applying those ideas to various applications. We demonstrated the

use of a burst buffer to perform I/O aggregation. We showed that data compression

can effectively reduce the I/O time and file system workload for some applications. We

proposed a solution to support compressed variables in classic NetCDF files that can be

accessed in parallel efficiently. We design and developed a log-based storage layout for

HDF5 datasets and verified its efficiency. We conclude that the three ideas mentioned

above provide a roadway to scalable I/O in the exascale era. The results of our projects

have been or are being incorporated into parallel I/O libraries. We hope they can help

mitigate the I/O bottlenecks for applications running on exascale supercomputers.

In following subsections, we discuss some potential directions for future work.
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7.1. Extending the Classic NetCDF File Format to Support Chunked

Storage Layout and Variable Compression

The classic NetCDF file format, while being lightweight and efficient, lacks the means

to support advanced data layouts such as chunked and compressed variables, compound

datatypes ...etc. In chapter 3, we presented our solution to store chunked and compressed

variables in classic NetCDF files. We were forced to eliminate record variables so that

the fixed data section of the file can expand whenever we need more space for the chunks.

The HDF5 format supports those features, however, the file structure is very complex and

is very inefficient to navigate and maintain.

We can extend the classic NetCDF format to support variable chunking and compres-

sion with a small tweak. Inspired by ADIOS’s BP5 file format, we divide a NetCDF file

into multiple files so that the directory containing the files serves as the new NetCDF

file. In the NetCDF directory, there is a classic NetCDF file (metadata file) that stores

all metadata, variables that are not chunked, as well as chunk reference tables of chunked

variables. Data chunks are stored separately in data files besides the metadata file. The

number of data files and their relationship to processes can be configured by the user.

Users can have a single data file shared by all processes, or have one file per computer

node or process (subfiling). Other setups, such as a data file per variable, are also possi-

ble. Since data chunks are removed from the metadata file, record variables are allowed.

There is no need to handle record variables especially as we did in section 5.2.4.

The chunk reference table can be extended to record the name of the data file in

addition to the offset of the data. We store the chunk reference table in classic NetCDF

variables. For fixed-sized variables, the chunk reference table is stored as a fixed-sized
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NetCDF variable. For record variables, the chunk reference table is stored as a record

NetCDF variable. This approach eliminates the need to expand the chunk reference table

for record variables as they are automatically extended when new records as appended to

the metadata file.



141

7.2. Support Asynchronous I/O Operations in Log-layout Based VOL

One idea not studied in this dissertation is to perform I/O operations in the back-

ground. Synchronous I/O operations block the application until the I/O operation com-

pletes. Asynchronous I/O operations, on the other hand, return immediately with a

handle that can be used by the application to check the progress of the I/O operation.

Most applications run for multiple iterations, alternating between computation and I/O

operation. Using asynchronous I/O operations allows applications to hide the time spent

on I/O operations by overlapping them with computation.

In the past, asynchronous I/O was not widely adopted by I/O libraries due to fear of

contending the limited system resource with the application. Nowadays, computing nodes

usually contain multiple CPU cores that are capable of running multiple hardware threads

with enough memory to perform multiple tasks at the same time. The improvement in

hardware capability opens an opportunity for asynchronous I/O. HDF5’s newly published

Virtual Object Layer (VOL) contains an interface for asynchronous I/O, paving the way

to support asynchronous I/O for HDF5 applications. Tang et al. developed an HDF5

VOL for asynchronous I/O [132]. Zheng et al. developed an HDF5 VOL that allows

existing applications to utilize the asynchronous I/O VOL[132] transparently [133].

We can extend log-layout based VOLto support asynchronous I/O. We create separate

threads to manage I/O operations so the calling thread can proceed with computation.

For each process, we create an I/O thread to handle I/O requests. The requests are stored

in a queue shared by the I/o thread and the main thread. The I/O thread does not spawn

until an asynchronous API is called so that applications using synchronous I/O do not

bear additional overhead. When an asynchronous API is called, we append the request
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to the queue and return a token to the application. When the application waits on the

token, we wait until the job in the queue finishes before returning the result.
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7.3. Distributed Index for Log-layout Based VOL Read Operations

In chapter 6, we discussed some challenges in reading datasets in log-based storage

layouts. One of them is the number of log entries that have to be examined. To handle a

write request, a process only needs to write its own log entry. A read request, on the other

hand, requires iterating through all log entries from all processes. This limitation not only

makes read operations unscalable but also makes it memory intensive due to the sheer

number of log entries that have to be indexed. In many cases, we do not have enough

memory to index all log entries. The current log-layout based VOLimplementation work

around this issue by reading (and storing) log entries in one subfile at a time and then

combining the data gathered from all subfiles. This approach can be inefficient when the

number of subfiles is large.

An alternative solution is to employ distributed index. In a distributed index setup,

each process holds an index for a subset of the log entries. There are many ways to

divide the log entries. One way is to have one node holding the index for one dataset. To

look up intersections for a read request, a process sends an index lookup request to all

processes holding the relevant index. The remote processes calculate and reply with the

intersections between the read request and their index. A protocol similar to that used

in chapter 5 to exchange chunk data can be used. The only difference is that the remote

process does not return the data directly. They return the metadata required to locate

the data.

This solution avoids repeated metadata read by different processes. A process only

needs to read the metadata it is assigned. However, the communication overhead for
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index lookup may be high at a larger scale. Whether they outweigh the cost to switch

between the subfiles requires further study to find out.
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7.4. Generalize Log-based Storage Layout in PnetCDF

In section 6.4.1, we proposed a log-based storage layout solution for NetCDF files

called PnetCDF-log. While achieving a decent performance, it has some limitations that

can hinder its compatibility with some NetCDF applications. In this section, we discuss

some of the limitations and potential solutions that can be future research topics.

One of the limitations is that a decomposed variable must be written at once. Recall

that in PnetCDF-log, applications do not specify any selections when writing to a de-

composed variable. It is assumed that every process writes to all of its subarrays in the

decomposition map. Filling up a decomposed variable in multiple stages is not supported

under the current design. This limitation makes asynchronousI/O difficult to implement.

The application may want to write out part of the data at the same time it processes

the remaining part. It is not possible without manually dividing the data into multiple

variables, making the file hard to read and manage. There are two ways to support par-

tial writing to decomposed variables. One is to allow the application to specify a set of

subarrays in the decomposition map to write to. Another one is to support all existing

PnetCDF APIS (such as put_vara) on decomposed variables. The former is a lot eas-

ier as the location of individual subarrays in the decomposition map can be calculated

efficiently. The latter requires the library to remap each subarray selection into the re-

arranged file space of the decomposed variables. It requires additional data structure to

maintain the mapping and can be computationally infeasible.

Another limitation is that the variable cannot be overwritten by different processes.

Consider an I/O pattern in which a variable is being written entirely by a process and then

overwritten by another process at a later time. While our current design allows defining
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decomposition maps that write to more elements than the size of the decomposed variable,

the decomposition map does not record the order the write operations are taken. When

the selection of two processes in the decomposition map intersects each other, we will not

be able to tell which process’s data should be taken when reconstructing the canonical

variables. log-layout based VOLdoes not have this issue because the order of the log

entries implies the order of the write operations. A potential solution is to record a

timestamp for each subarray in the decomposition map and update them each time the

subarray is written.
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