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Abstract—I/O bottlenecks in HPC applications are becoming
a more pressing problem as compute capabilities continue to
outpace I/O capabilities. While double-precision simulation data
often must be stored losslessly, the loss of some of the fractional
component may introduce acceptably small errors to many types
of scientific analyses.
Given this observation, we develop a precision level of detail
(APLOD) library, which partitions double-precision datasets
along user-defined byte boundaries. APLOD parameterizes the
analysis accuracy-I/O performance tradeoff, bounds maximum
relative error, maintains I/O access patterns compared to full
precision, and operates with low overhead. Using ADIOS as an
I/O use-case, we show proportional reduction in disk access time
to the degree of precision. Finally, we show the effects of partial
precision analysis on accuracy for operations such as k-means
and Fourier analysis, finding a strong applicability for the use
of varying degrees of precision to reduce the cost of analyzing
extreme-scale data.

I. I NTRODUCTION
Data reduction in extreme-scale, scientific simulations is a
quickly emerging necessity to reduce current and especially
future I/O bottlenecks, as compute performance continues to
increase at a far higher rate than I/O performance [1]. I/O
bottlenecks are especially pronounced when running analysis
on simulation-generated data, a typically read-only process
performed numerous times by multiple application scientists,
often on dedicated analysis clusters with less computational
power than the machines the data was generated on.
In the context of extreme-scale computing, data reduction
technologies face a number of unique architectural, algorithmic, and application-specific challenges which complicate the
emergence of an efficient solution that is highly applicable
across application contexts. First, scientific data is notoriously
hard-to-compress, due to the utilization of double-precision
floating-point variables. These variables tend to have highly
entropic mantissa bits, leading to data reduction only on
the order of 10 − 30%. Achieving higher compression ratios with lossless compression methods require the discovery
of non-trivial patterns within the typically spatio-temporal
data, making these methods unsuitable for in-situ processing.
While state-of-the-art lossless compression utilities such as
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ISOBAR [2] and FPC [3] have been making headway into
fast lossless compression of scientific data, achieving high
degrees of data reduction while retaining full precision is still
best suited to a post-processing scenario, where a full-context
approach is possible.
Lossy compression, on the other hand, can greatly increase
the compression ratio, making it more suitable for alleviating
I/O bottlenecks in-situ. However, application scientists spend
an enormous amount of effort ensuring accurate and precise
simulation results. While the loss of precision may be acceptable for some simulations, it will not be for all.
Regardless of method, compression as a data reduction
strategy introduces new, less optimal access patterns to the I/O
system, on both a software and hardware level. On the software
level, non-uniform compressed buffer sizes would necessitate global communication between I/O nodes, introducing
additional latency costs. On the hardware level, applications
optimized for certain striping patterns may lose performance
due to the non-uniform buffer sizes, leading to disk contention
and lost I/O bandwidth.
Given the challenges that data reduction impose for simulation codes, instead of focusing on reducing data at write-time,
we argue it is highly beneficial to reduce data at read-time
through partial-precision analytics. The key insight here is that
many types of analysis functions may produce acceptably accurate results even with a greatly reduced amount of precision.
A common invocation of this principle can be found in multiresolution analysis (MRA) of wavelet-compressed data, traditionally used in the graphics and visualization communities.
However, wavelet-based MRA has no bounds on errors at any
resolution, and is technically not lossless for double-precision
data (though it can be in some cases for single-precision
data [4]). Furthermore, wavelet compression standards such
as JPEG 2000 [5] have been successfully used to compress
single-precision climate data [6], but requires the quantization
of single-precision floating-point data, something which may
not work well on double-precision datasets crossing a wide
range of exponent values.
To achieve these ends, we propose a analytics-driven precision level of detail (APLOD) preprocessing methodology.

Our approach is inspired by the bit-level format of doubleprecision variables, and the fact that truncation of the mantissa
component leads to low, bounded maximum errors based on
the number of mantissa bits kept (see Table I). To promote
high efficiency as well as application-specific tuning based on
the accuracy needs of scientific simulation analyses, we enable
a generalized partitioning of double-precision data along byteboundaries, described by a byte-level component vector (CV).
In other words, based on user preferences, datasets are partitioned into groups of contiguous significant bytes, such as the
most significant two bytes. Datasets are stored contiguously
by most significant bytes so that only data at a required level
of precision can be loaded into memory. There are numerous
benefits to this approach that, to our knowledge, have not been
utilized by other analysis-level data-reduction methods:
•

•

•

•

•

APLOD processing enables configurable byte-level decompositions, providing simple access to a range of
precisions, including full precision, based on application
needs. Each degree of precision provides a hard bound
on per-point relative error, as opposed to wavelet MRA.
APLOD processing minimally disturbs existing parallel
I/O access patterns. If I/O patterns in an application
are communication-free, then the patterns with APLOD
processing are communication free. Buffer sizes are deterministic, given the original data’s buffer sizes. The
storage barrier to APLOD processing is low, requiring
at most tweaking to disk striping parameters.
APLOD processing is a low overhead operation in both
the shuffling of a double-precision buffer to the decomposition defined by a CV as well as the reconstruction of
the partitioned data back into original (or truncated) form.
Even for the finest grain decomposition, the transform
operations achieve a throughput of 600MB/s. Wavelet
transforms, however, perform at a maximum of 434MB/s,
which degrades significantly for very large buffers. When
reconstructing partial-precision data from a packed significant byte representation, transform time is decreased
in direct proportion with the data reduction. On a percore basis, the transform throughput far exceeds hard disk
bandwidth, making APLOD processing an ideal candidate
for in-situ integration with applications.
APLOD processing is orthogonal to existing data reduction and I/O optimization methods. Lossless compression can be applied to each byte-component (oftentimes
resulting in higher compression ratios [7]), and I/O
optimizations exploiting data layout patterns need not
be significantly changed to incorporate APLOD layout
changes. Since wavelet MRA has stricter data layout
requirements, applying complex layout optimizations to
wavelet-transformed data can be nontrivial.
The programming overhead required to express APLOD
operations is minimal and simple to express using wellknown I/O libraries, such as ADIOS [8].

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

TABLE I: Maximum per-point percent errors on partialprecision IEEE 754 doubles, masking the remaining bytes with
the quantity 0x7F··· FF.

.

Significant
Bytes
2
3
4
5
6
7

Max Underest.
Error
-1.5e0%
-6.1e-3%
-2.4e-5%
-9.3e-8%
-3.6e-10%
-1.4e-14%

Max Overest.
Error
3.1e0%
1.2e-2%
4.8e-5%
1.9e-7%
7.3e-10%
2.8e-12%

methodology, including different ways of expressing the operations (manually or using MPI datatypes), as well as simple
ways of expressing the I/O operations through ADIOS, in
Section III. In Section IV, we evaluate the methodology in
a number of benchmarks, including ADIOS I/O performance
with and without partial precision decompositions enabled
(Section IV-A) and transform overhead for both manually
coded and MPI-datatypes-based APLOD representations (Section IV-B). Finally, while we do not provide an exhaustive
or theoretical treatment of analysis algorithm accuracy, we
empirically test a number of algorithms for varying precisions on real-world large-scale scientific applications GTS [9],
S3D [10], and XGC-1 [11], in Section IV-C.
II. BACKGROUND
The concept of level of detail processing, or operating on a
subset or approximation of the full context dataset, has been
explored in numerous contexts. Examples include statistical
sampling techniques, arising from the database community,
I/O optimization frameworks in HPC that enable sampling
on a spatio-temporal domain, and a wide range of signal
and image processing techniques, using transforms such as
various families of wavelets that enable MRA. Note that each
level of detail processing method discussed is compatible
with APLOD processing through applying the operations on
each significant byte component, though seek costs, effects
on wavelet accuracy, etc. need to be considered from the
partitioning of byte-components.
Sampling in databases is a well-studied area, with much
early work on general sampling queries [12], [13], sampling
on an index [14], and sampling in spatial databases [15].
More recent work has also treated the issue of minimizing
sampling error due to data skew [16], [17]. Database sampling
methods typically do not change the underlying data layout,
leading to a large number of seeks, a problem in HPC
environments, where seeking in parallel file systems is a highlatency operation. Furthermore, statistical sampling runs the
risk of losing small features or sharp transitions in the data,
especially since most scientific datasets exist in some spatiotemporal domain. Finally, statistical sampling, such as random
sampling, provides for data analysis errors as a distribution,
rather than as a bound; while improbable, there is still the
chance for significant skew depending on the data distribution.
To tie data access patterns to level of detail processing and
achieve high-performance sampling, Pascucci and Frank [18]

take a different approach and focus on I/O efficiency instead of
statistical rigor. They break the data into progressively coarser,
mutually exclusive subsets according to the Z-order space
filling curve. Each subset is stored contiguously, allowing efficient access to coarse-grained data subsamples, corresponding
to the spatial patterns exhibited in the space-filling curve. By
retrieving some number of contiguous layers of the hierarchy,
data can be returned at a particular sampling rate with only
a single sequential read operation. Related methods in the
context of visualization are described elsewhere [19], [20], and
also use hierarchical data layouts. This method also provides
a speed/accuracy tradeoff for data analysis, but has some
potential drawbacks. Aside from the mentioned statistical sampling problems, the fixed sampling procedure of hierarchical
data layouts is prone to selection bias, though for analysis
operations such as visualization this is less of an issue.
Discrete wavelet transforms and MRA [21] are particularly
popular for level of detail processing, commonly used in image
standards such as JPEG 2000 [5] for high compression ratios
while maintaining image integrity. In general, discrete wavelet
transforms convert an input signal into detail coefficients (from
a high-pass filter) and approximation coefficients (from a
low-pass filter), recursively transforming the approximation
coefficients. The hierarchical nature of the transform allows
reconstruction of the original signal from a subset of the
approximation coefficients with high accuracy. Thus, wavelet
MRA is the closest applicable method to our proposed APLOD
processing. However, while low average errors from MRA are
shown (see Section IV), there is no upper bound on the errors,
and accuracy depends on spatio-temporal relationships in the
data. Compared to APLOD, wavelet MRA allows for a much
finer-grained decomposition of data. However, at least for the
double-precision datasets we test on, using even one-half of
the coefficients leads to unacceptable errors, rendering this
capability mostly ineffective with such datasets.
III. M ETHODOLOGY
As mentioned, the goal of enabling efficient variableprecision analytics requires a modified data representation,
one that is capable of being queried by varying degrees of
precision. The reduced precision format should directly result
in reduced I/O costs; otherwise, there is little tangible benefit
to using such a representation aside from perhaps a reduced
memory footprint. Furthermore, overhead for performing the
transformation to and from the data representation must be
small enough to not bottleneck the application.
Based on these restrictions and differing analysis needs of
applications, we define a simple, parameterized data decomposition model based on component vectors (CVs). We treat a
buffer of data as a matrix of bytes, then define column slices
(components) based on significant byte boundaries. These
slices are transformed to occupy a contiguous buffer, which
can then be read into memory separate from other levels
of precision. CVs define these column slices, allowing users
to choose a data decomposition that makes sense for their
analysis needs.

Fig. 1: The partitioning of a IEEE 754 double-precision value
by the CV {2, 1, 1, 4}.

The basis for the component vector is the representation of
double-precision floating point data in memory. Recall that the
IEEE 754 standard [22] represents double-precision values as
a single sign bit, 11 exponent bits and 52 mantissa bits (see
Figure 1). The value represented by double-precision data (not
including subnormal values) is given by:
value = (−1)s × (1 +

52
X

(mi 2−i )) × 2e−1023 ,

(1)

i=1

where s is the value of the sign bit, mi is each mantissa bit in
decreasing order of significance, and e is the unsigned integer
interpretation of the exponent bits.
Given this representation, we make two observations that
drive our partial-precision representation. First, we observe
that the mantissa bits represent a fractional component in the
overall value. That is, the entire mantissa component with the
implicit one bit, between the minimum (of all zeroes) and
maximum (of all ones), represents a factor in the resulting
double-precision value in the range [1, 2). Second, we observe
that each less significant mantissa bit contributes an exponentially smaller amount to this multiplier. Given Equation 1, we
can easily bound the effects of truncation or replacement of
the mantissa bits, the results of which can be seen in Table I.
Combined with the use of the exponent bits, truncation
of the less significant mantissa bits thus provides a good
opportunity to reduce the amount of data at small error rates.
By comparison, truncation is typically not feasible for integer
data since the bits encoding the integer are not exponentiated
by a set of exponent bits. Given the double-precision format,
the smallest byte-wise CV must always contain the exponent
portion; otherwise, unacceptably high error rates would be
generated. Hence, since we use byte-boundaries for efficiency
reasons, the first component in any CV is restricted to be
at least two bytes, as shown in Figure 1. As shown in
Table I, truncating to the most significant two bytes, along
with masking the discarded mantissa bits, leads to a maximum
relative error of 3.1%.
Given the definition of the byte-level partitioning of doubleprecision data, a high level system overview is given in
Figure 2. An application defines a CV suitable for its partialprecision analysis needs, the original data is shuffled into the
new representation and written to disk. At analysis time, users
read partial (or full) precision data on a per-component basis,
according to the needed level of precision. If necessary, the
data is then reconstructed back to the original format, though

Fig. 2: Byte-precision level of detail partitioning, based on a
generic component vector (CV) splitting groups of significant
bytes.
Fig. 3: Partial-precision level of detail transformation using
MPI datatypes, for CV {x, y, z}.
with the missing significant bytes masked with an appropriate
value to reduce the average error.
An example CV defined over a double-precision value is
shown in Figure 1. For this CV ({2, 1, 1, 4}), the first two
bytes of each double-precision value are stored contiguously.
As mentioned, these bytes contain the sign bit, all 11 exponent
bits and the four most significant mantissa bits. If a buffer of
size 8MB was being shuffled, the result would consist of four
buffers: a buffer containing 2MB of most significant two bytes,
two 1MB buffers of the next two significant bytes, and a 4MB
buffer containing the remaining significant bytes.
A. Component Vector Representation and Operations
The shuffling and reconstructing operators can be defined in
two ways, through using the Message Passing Interface (MPI)
Standard to specify MPI datatypes and transforming implicitly
through MPI communications and I/O routines [23], or as
standalone operators. Each component in a CV has a number of semi-regular structures, sharing an element-to-element
stride as well as a total number of elements, differing only in
the “width” of each datum. These can be simply represented
as a set of MPI vector types, with blocklengths, or
number of elements per stride, as the number of bytes in the
component. A vector type is defined per component, and the
set of vectors with necessary offsets are encoded into a single
MPI struct type, which specifies a set of distinct datatype,
offset pairs. Figure 3 shows the overall type for an example
CV. Given the three components X, Y , and Z, three MPI
vectors are used (with possible repetition for components
with equal byte-widths), and packaged together as a single
MPI struct. These types can then be directly used within
MPI I/O or communication routines, leaving the MPI library
to handle the packaging of the data.
However, there are a number of issues with a purely
MPI-based representation. First, the packing algorithm, which
places the non-contiguous data into a contiguous buffer given a
datatype specification, may not be efficient compared to a lowlevel implementation which can take advantage of vectorizing
and loop unrolling. See Section IV-B. Second, in order to
reconstruct at varying degrees of precision, it is necessary to
create a different datatype per number of components to load.
For example, for the CV {2, 1, 1, 4}, four MPI structs need

to be created, one for the first component, one for both the
first and second components, and so on. Furthermore, when
reconstructing partial-precision data, it is necessary to perform
an additional memory setting operation to zero out or mask
the significant bytes not loaded in, adding to the overhead.
A specialized implementation is able to roll this memory set
operation into the reconstruction process.
A manual representation is much simpler, consisting merely
of the CV. The shuffling and reconstruction operations can be
seen as a generalization of a matrix transpose, where each
column is of variable width. This would suggest usage of
efficient matrix transpose algorithms. However, in our case,
one dimension is always on the order of a few bytes. Such a
restricted problem space makes using complex matrix transpose algorithms unnecessary: they break down to following the
same access patterns as the naive transpose algorithm. Hence,
the naive algorithm is sufficient, consisting of a single loop
per component, setting the data in the APLOD format to its
correct location in its original format, while taking advantage
of component widths and necessary memory setting operations
along the way.
B. Partial-precision I/O
While it is difficult to provide a generic I/O analysis for
each simulation code, there exist a number of parallel I/O middlewares that abstract file storage details from the application
while ensuring high performance. A particularly popular I/O
abstraction is the Adaptable I/O System (ADIOS) [8]. ADIOS
is a state-of-the-art componentization of the I/O system that,
with a simple change to an entry in an XML configuration
file, changes codes to use numerous I/O backends, called
“transports,” without requiring application recompilation. For
example, POSIX, MPI-IO, parallel HDF5 [24], PnetCDF [25],
and numerous others are supported transports. Given the
flexibility of I/O methods to use and the possibility for defining
the CV through the XML configuration file, we chose to use
ADIOS to show that data reduction through our partial precision reorganization of data can translate directly to improved
I/O costs, and can do so under a wide range of application
contexts.

<!-<var
<!-<var
<var
<var
<var

original variable -->
name="phi"
type="double"
... />
variable in APLOD format, CV=2,1,1,4 -->
name="phi.c1" type="unsigned short" ... />
name="phi.c2" type="unsigned char" ... />
name="phi.c3" type="unsigned char" ... />
name="phi.c4" type="unsigned int"
... />

Fig. 4: A double-precision variable in the ADIOS XML
configuration, in both unmodified and in APLOD format.
Enabling APLOD processing using ADIOS requires two
simple changes. The first change is at the configuration level,
where the ADIOS XML configuration file is modified to support the retrieval of partial-precision data. Figure 4 shows an
example. For each variable being reorganized using APLOD,
new variables are created for each CV component to replace
the original variable. For multivariate data, there are two ways
to place the CV components in the configuration file. The
first is to interleave the CV components for each variable,
optimizing the access of multiple variables at a particular
degree of precision in one fell swoop. The other is to place all
CV components consecutively for each variable, optimizing
for univariate access of data at various degrees of precision.
The second change required is at the code level, where
the I/O operations are modified to handle the partial-precision
data. Following the data transform, a write/read is made for
each APLOD component, depending on the order described in
the previous paragraph, replacing the original I/O calls. Since
the ADIOS API fetches variables from file using string identifiers, this process can be automatized using an appropriate
naming metric, such as variable-name.component, and thus
can be hidden behind wrapper functions.
IV. E XPERIMENTAL E VALUATION
To evaluate the APLOD methodology in a leadership-class
HPC environment, we perform all experiments on Oak Ridge
National Laboratory’s Jaguar cluster (Cray XK6 architecture),
consisting of a single 16-core AMD Opteron 6200 processor
and 32GB of memory per node. For I/O benchmarks, we use
ADIOS version 1.3.1 on the Lustre parallel file system.
We look at datasets from a number of real-world simulations. GTS [9] and XGC-1 [11] are both particle-in-cell
simulations of nuclear fusion devices, with GTS studying
microturbulence in the plasma core and XGC-1 studying
microturbulence at the edge. We examine the potential (φ)
variable of a single timestep from GTS and the temperature
varaible of a single timestep from XGC-1. Finally, we look
at S3D [10], a direct numerical simulation of reacting flows
in combustion. We examine the velocity variable of a single
timestep in two dimensions (uvel and vvel).
As a primary source of comparison, we use wavelet multiresolution analysis. Specifically, we use the D4 Daubechies
wavelet provided by the GNU Scientific Library (GSL) [26].
Compared to the other wavelet options available in the GSL
(such as Haar and Spline), the D4 wavelet was the most
accurate for the datasets used in this paper and had minimal performance differences. For the GTS potential variable,

which is linearized from a toroidal structure, we use the onedimensional wavelet transform. For the other two-and-threedimensional datasets, we divide the data spatially into 32 × 32
blocks and use the standard two-dimensional transform on
each, which interleaves each level of the transform between
rows and columns. For comparison against APLOD reorganization, we then load the most significant wavelet coefficients
and reconstruct the data, replacing with zeroes the remaining
coefficients.
We perform a number of benchmarks to evaluate our
methodology. First, we test whether reading reduced data
correlates to lower I/O costs using a parallel read of both
unmodified double-precision data and APLOD-reorganized
data. Second, we examine the APLOD transform overhead
for numerous CV configurations, comparing against an MPI
datatypes representation as well as against the D4 transform.
Finally, we examine analysis functions of varying degrees
of complexity to evaluate the effects of partial precision
reconstruction and wavelet MRA on analysis accuracy. Note
that, as opposed to reconstructing the data as double-precision
variables with a masked mantissa portion, it is possible to
reconstruct in single-precision format or even using a fixedpoint representation, as proposed by Narayanan [27], to optimize analysis performance, energy efficiency, etc. These methods are complementary to the APLOD methodology, using
APLOD reorganization to reduce the I/O costs while using the
alternate reconstructions to optimize various metrics. However,
to evaluate the effectiveness of our partial precision representation with respect to analysis accuracy, we reconstruct the data
in double-precision format to remove any additional effects on
accuracy that the alternative representations would induce, in
effect keeping the data in as close to original form as possible.
A. I/O Performance
Using ADIOS as a driver for our APLOD I/O performance
benchmarking, we investigate parallel read performance under
a number of scenarios. On a per-reader basis, we chose a
partition size of 512MB for two reasons: first, data reading
scenarios tend to use many less cores than writing for analysis
purposes due to different resource allocation for the respective
tasks, and second, we wish to target bandwidth-bound analysis
scenarios, and thus minimize the effect of access latency.
Furthermore, we chose to test on the CV {2, 1, 1, 4}, as our
accuracy results in Section IV-C indicate that the first four
bytes of double-precision variables are sufficient to perform
many types of analysis operations, while the latter four bytes
are used where full precision is needed (e.g., checkpoint-restart
data).
Three scenarios for read performance are shown in Figure 5. Our base case is ADIOS performance without data
reorganization, which tops out in our tests at about 46GB/s, or
5.7 billion double-precision elements. This is closely matched
by the ADIOS read performance of full precision data using
reorganized APLOD data with the CV {2, 1, 1, 4}, providing
evidence that the reorganization of data does little to disturb
read access patterns at the disk level. However, for manually
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Fig. 5: Parallel I/O read performance (actual and relative)
using ADIOS, with and without APLOD-reorganization. ME/s
- millions of elements per second. GE/s - billions of elements
per second.

tuned I/O read patterns, more care would be needed. Finally,
we show the effects of reading only the first APLOD component, corresponding to the two most significant bytes. While
the time taken by a single compute node (16 cores) is degraded
somewhat, increasing the number of cores shows between 3.5
and 4 times the improvement in I/O performance, relative to
the number of “elements” read. At 1024 cores, the partialprecision read operation occurs at 22.5 billion elements per
second, or a relative “180GB/s”.
B. Transform Performance
For a number of CVs, we test APLOD transformation performance using both our manual implementation and the MPI
datatypes representation. For each benchmark, we measure the
slowest possible transformation, corresponding to the finest
grain CV {2, 1, 1, 1, 1, 1, 1}, as well as a few others, to show
the effect of partitioning with varying degrees of coarseness
on transform overhead.
Furthermore, we compare against the one-dimensional
transform provided by the GSL for a few reasons. Most
notably, the output format of the one-dimensional transform
may be directly used for multiresolution analysis and is thus
most applicable for comparison against APLOD. The twodimensional transform, in order to support the contiguous layout of each “level” of the transform, would require additional
data reorganization. Combined with the need to transform noncontiguous column data, the overhead becomes unacceptably
large.

First, Figure 6 shows both full-precision shuffling and
reconstruction operations. Asides from very small sizes (less
than one KB), the manual implementation at the finest grain
CV shows a throughput of 600MB/s for a 1MB buffer, and a
maximum of 744MB/s for an 8KB buffer. For coarser grain
CVs, a clear performance advantage is seen due to the implementation taking advantage of larger byte widths. At a very
coarse grain partitioning (CV {4, 4}, where the first component
represents approximately the level of precision of a singleprecision floating point number), the transform is extremely
fast, operating with a throughput of up to 2GB/s. For the reconstruction, the throughput experienced a small drop-off due
to the data size exceeding available cache space. MPI datatypes
in this case (via a call to MPI_Pack) are not able to provide
the performance of the manual implementation, operating at
an approximately order of magnitude lower throughput. The
wavelet transform’s performance lies between the two APLOD
implementations, showing a throughput of 275MB/s for a 1MB
buffer and a maximum throughput of 434MB/s for a 2KB
buffer. As evidenced in the graph, the performance of the
wavelet transform experiences larger regressions than the other
methods for larger buffer sizes.
Next, Figure 7 shows the throughput of the reconstruction
process, in terms of the amount of output data produced.
The rate of transformation is increased in proportion to the
precision of data transformed. For instance, reconstructing
a buffer from the most significant two bytes produces the
data at a rate of up to 4.3GB/s. Similar trends can be seen
in reconstructing the most significant three and four bytes,
including performance increases from using coarse-grained
CVs. As with the full-precision shuffling and reconstruction,
the MPI packing methodology achieves approximately five
to ten times slower performance. Performance metrics for
wavelets are not shown here, as the inverse transform performs
equivalent operations regardless of the proportion of coefficients used, meaning that wavelet multiresolution analysis
only takes advantage of a reduced data representation for I/O
operations.
C. Partial Precision Analysis Accuracy
1) Basic Measures: While the benefits of partial precision
analysis to I/O costs are clear and intuitive, it must be verified
that partial precision analytics is a viable methodology to
pursue. More specifically, it is necessary to determine at which
levels of precision analysis functions provide adequately accurate results. As the scope of analysis functions on scientific
data is much too large for an exhaustive survey, we choose
a number of simple and more complex analysis scenarios
to determine the potential for large-scale partial-precision
analytics.
First, we ensure that the general structure of the data is
consistent, which we expect to see from the low maximum
errors presented in Table I. To that end, we calculate mean
and maximum per-point relative error in the dataset, Pearson
correlation, and the relative errors of mean/standard deviation between the original datasets and the partial precision
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Fig. 7: Performance of partial-precision value reconstruction.

datasets. Each of these metrics are shown in Tables II, III
and IV, respectively. These results show that the datasets
are roughly equivalent in the aggregate, with low errors for
the mean and standard deviation values and near equivalent
(1.0) Pearson correlations. Furthermore, the average absolute
relative error per-point is low, though the maximum error
for two bytes of precision reaches the maximum possible.
In comparison, the wavelet-reconstructed data has much more
variability. The most significant difference between the D4
wavelet and APLOD is the presence of large relative errors
in the wavelet-reconstructed data, that persist even for a large
number of coefficients. Also, the errors seen in the waveletregenerated data see a lesser degree of change when moving
from lower precisions to higher precisions, both due to the
“vanishing” nature of the less significant coefficients as well
as the persistence of high maximum errors throughout.
2) Distributional Analysis: k-means and Histogram: Since
there is little error between points of data, and that error
is distributed across the dataset, the previous metrics were
expected to be highly accurate. However, small changes to a
variable may change the global behavior of analysis algorithms
that, for example, partition the data. In the worst case, edge
conditions between the partitions can be sensitive to changes
in precision, producing different results. To test the possibility
of small local changes yielding large global changes, we
performed two experiments on the data: generating an equalinterval histogram based on the data with a constant number
of bins, and clustering the data via the k-means algorithm with
randomized centroids.

TABLE II: Per-point relative errors (absolute values).
Per-point relative error (%, absolute)
Median
Maximum
Variable Parameter1
APLOD
D4
APLOD
D4
2
1.08e0
1.10e1
3.12e0
2.12e6
potential
3
4.24e-3
1.22e-2
4
1.65e-5
4.55e0
4.76e-5
5.57e5
2
1.02e0
1.30e-1
3.12e0
7.10e1
temp
3
4.24e-3
1.21e-2
4
1.63e-5
5.34e-2
4.73e-5
4.08e1
2
1.08e0
4.44e-2
3.12e0
3.84e5
uvel
3
4.15e-3
1.22e-2
4
1.62e-5
1.23e-2
4.77e-5
1.31e5
2
1.08e0
6.34e-1
3.12e0
1.30e7
vvel
3
4.24e-3
1.22e-2
4
1.66e-5
1.87e-1
4.77e-5
2.26e6
1 Proportion of data used. For APLOD, the number of significant bytes. For
the D4 wavelet, the proportion of coefficients brought in for multiresolution
analysis, as a fraction of eight.

Table V show the misclassification rate of running the kmeans algorithm on the uvel and vvel variables. The misclassification rate is computed by using the same randomly chosen
centroids for both the full and partial precision data and computing the proportion of partial-precision points assigned to
different clusters than the corresponding full precision points.
For two bytes of precision, 5.41% of points are assigned to a
different cluster than when using full-precision values. These
points are likely near the “edges” of the original clusters,
which are vulnerable to membership switching through small
changes in the cluster centers. The error quickly disappears

TABLE III: Pearson Correlation between full and partialprecision data.
Pearson Correlation
Parameter1
APLOD
D4
2
1-8.59e-5
0.972
potential
3
1-1.34e-9
4
1-0.00e0
0.996
2
1-5.75e-04
0.954
temp
3
1-9.04e-09
4
1-1.34e-13
0.984
2
1-6.59e-04
0.992
uvel
3
1-9.97e-09
4
1-4.77e-14
0.998
2
1-9.27e-05
0.993
vvel
3
1-1.42e-09
4
1-0.00e0
0.998
1 Proportion of data used. For APLOD, the number of significant bytes. For
the D4 wavelet, the proportion of coefficients brought in for multiresolution
analysis, as a fraction of eight.
Variable

TABLE IV: Partial-precision relative errors for mean and
standard deviation.
Mean Error (%)
Std. Dev. Error (%)
Parameter1 APLOD
D4
APLOD
D4
2
3.88e0
1.60e-11 5.53e-2
2.77e0
potential
3
2.88e-2
2.70e-5
4
2.06e-4
9.78-11
1.54e-7
4.24e-01
2
6.87e-2 7.91e-14 2.92e-1
4.64e0
temp
3
6.46e-6
1.87e-4
4
4.57e-8 9.10e-13 1.56e-9
1.64e0
2
1.90e-2 8.47e-12 9.85e-2
8.16e-1
uvel
3
3.81e-6
1.95e-5
4
4.64e-9 1.27e-11 1.39e-8
2.09e-1
2
4.26e-2 2.68e-12 6.30e-2
6.90e-1
vvel
3
1.04e-5
6.80e-6
4
2.30e-8 3.64e-12 5.81e-8
1.55e-1
1 Proportion of data used. For APLOD, the number of significant bytes. For
the D4 wavelet, the proportion of coefficients brought in for multiresolution
analysis, as a fraction of eight.
Variable

when using a higher degree of precision, however. Once
again, in the wavelet-reconstructed data we see a relatively
consistent level of error due to the existence of outliers. At
the lowest degree of precision tested, the error is less than that
of APLOD, but the persistent presence of outliers regardless
of the proportion of wavelet coefficients keeps the errors
relatively consistent, while increasing the bytes of precision
with APLOD quickly overcomes such errors.
Figure 8 superimposes the partial-precision histogram on the

TABLE V: Clustering errors, measured as the misclassification
rate compared to full-precision. The uvel and vvel variables
from S3D are partitioned into 10 clusters.
K-means Error (%)
Parameter1
APLOD
D4
2
5.41e0
3.27e0
3
2.52e-1
4
1.30e-3
3.31e0
1 Proportion of data used. For APLOD, the number of significant bytes. For
the D4 wavelet, the proportion of coefficients brought in for multiresolution
analysis, as a fraction of eight.

full-precision version. We display only the XGC-1 temperature
histogram as it is the most illustrative of the trends shown
in the datasets considered (S3D has similar patterns, but
to a lesser degree, and the exponential component of GTS
data differs by far too much for a equal-interval histogram
to capture useful distributional information). Note that the
selection of data we are using has little difference in the
exponential component, meaning that the fractional component
is a relatively more important component of the data.
For APLOD-based reconstruction, as Figure 8 shows, the
problems with losing precision (truncating the six least significant mantissa bytes) are apparent. There is a clear “clustering”
effect whereby there is not enough precision to sufficiently
separate values into bins when equal-interval binning is used,
hence the oscillatory pattern between empty bins and much
larger bins. One solution is to use different parameters based
on the degree of precision used, which is undesirable; ideally,
reduced precision should only introduce noise into the analysis, instead of requiring a revisiting of the analysis function.
In any case, with three bytes of precision, these problems all
but disappear, suggesting that three bytes is accurate enough
to represent this dataset. Data with small ranges that primarily
occupy the mantissa portion of the double-precision data are
likely to need additional precision.
The wavelet-reconstructed data also has distributional problems, though not of the variety that the APLOD data has.
Figure 8 shows that the existence of outliers shift the range
of the data, leading to a different distribution of values among
them. However, even if the bins were “shifted” from lower to
higher bins in Figure 8, skewed results would still appear, as
evidenced in the spikes in values compared to the three bytes
of precision in APLOD, which matches perfectly against the
full-precision data.
3) Fourier Analysis Accuracy: Finally, some analysis functions involve transformations of the data into a different space.
In particular, many applications rely on signal processing
techniques for data analysis, built on transformations such as
wavelet and Fourier transforms. The data in this case may be
especially prone to error propagation since new points of data
are produced by sometimes complex operations on the full or
subselected data set, which are then analyzed.
For GTS simulations in particular, Fourier Transforms (FFT)
of the grid-based electrostatic potential are carried out to
analyze the spectral characteristics of turbulence in the fusion
core. Gradients in the hot fusion plasma generate so-called
“drift waves”, which couple with each other through non-linear
effects. Charged particles forming the plasma continuously
exchange energy with these waves as turbulence develops.
Spectral analysis through FFTs allows the identification of
the most important modes in the system (i.e., fastest growing
modes) and how they couple with each other to form other
modes.
To examine the effect of running FFTs on partial-precision
data, we perform the transform on the full-precision and
partial-precision GTS potential data. With the resulting set
of complex numbers, we generated three metrics for both
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Fig. 8: XGC-1 100-bin histograms.

APLOD and wavelet MRA. First, we organize the data by
drift wave number and calculate the mean/median relative
error vs. the full-precision-generated FFT data, to examine if
there is a distributional relation between the errors. Second, we
plot the absolute values of the full-precision FFT coefficients
against the corresponding error seen to examine whether there
is a relation between exponent value and error. Figures 9
and 10 show these metrics for the wavelet-generated and
APLOD data, respectively, while Table VI gives a numerical
distribution of the errors. The real component is shown for
these metrics; in comparison, the complex component shows
similar trends and the magnitude of the complex numbers
shows order-of-magnitude improvements in accuracy.
Based on these error measurements, we observe two trends.
First, the wavelet-generated data, even when using one-half
of the wavelet coefficients, shows unacceptable error in all
metrics. As noted in the previous sections, we believe this
to be the result of outliers skewing the results across every
FFT component. Second, errors seen for the APLOD data
are much higher for the lowest precision representation than
in the previous metrics. The combination of each point in
FFT space being a linear combination of all others and
the huge differences in the exponent component leads to
the propogation of errors. While the largest of outliers are
persistent for multiple bytes of precision (where the real and
complex component are in the 10−20 range), the remaining
data approaches acceptable error at four bytes of precision.
For this particular application, approximate measures based
on aggregate values at wave numbers may be able to use a
lesser degree of precision (three bytes).
V. C ONCLUSION
Extreme-scale scientific applications follow the write-once,
read-many paradigm, following a cycle of production-level

TABLE VI: Distribution of relative errors for real, complex,
and magnitude components of FFT data generated from the
GTS phi data. Total number of points is 191751. A refers to
APLOD, W refers to wavelets, and the number refers to the
proportion of the full dataset used (as a fraction of eight).
Comp.

Real

Complex

Magnitude

Rel. Err. (%)
x≤1
1<x≤5
5 < x ≤ 10
10 < x ≤ 100
100 ≤ x
x≤1
1<x≤5
5 < x ≤ 10
10 < x ≤ 100
100 ≤ x
x≤1
1<x≤5
5 < x ≤ 10
10 < x ≤ 100
100 ≤ x

A-2
27912
36193
22306
77202
28138
32420
43955
23652
67067
24657
52841
60856
26606
46830
4618

A-3
177681
10235
1688
1789
358
179648
8887
1322
1525
369
190283
1410
44
12
2

A-4
191558
92
10
10
81
191547
88
14
8
94
191751
0
0
0
0

W-4
752
3041
3632
66114
118212
719
2969
3802
65491
118770
1445
6086
7534
122837
53849

simulation runs followed by analysis by multiple scientists.
Rather than focusing on optimizing the writing of simulation
data or reducing it through compression, which may disrupt
I/O patterns, we instead chose to reorganize the data to
optimize read-level performance by trading off variable data
precision for data reduction. Through our method of APLOD
processing, this functionality is provided in a simple and
low-overhead manner. Perhaps most importantly, it avoids
the primary problems of data reduction through compression
by providing a globally deterministic partitioning of data
that respects existing data layouts and avoids non-uniform
buffer sizes. We believe our approach is a low-barrier, highapplicability solution for applications that wish to speed up
their analysis processes without sacrificing performance with
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Fig. 9: For the D4 wavelet, a,b - Mean, median errors of FFT data along each drift wave (real component), and c - FFT errors
plotted against real component value.
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Fig. 10: For varying APLOD precisions, a,b - Mean, median errors of FFT data along each drift wave (real component), and
c - FFT errors plotted against real component value.

respect to the original data layout or spend significant effort
redesigning I/O and data layout methodologies. Our claim to
applicability is strengthened by the use of ADIOS, a widelyused I/O library in the extreme-scale sciences.
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