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ABSTRACT

With the ever-increasing volumes of data produced by today’s
large-scale scientific simulations, error-bounded lossy compression
techniques have become critical: not only can they significantly
reduce the data size but they also can retain high data fidelity for
postanalysis. In this paper, we design a strategy to improve the
compression quality significantly based on an optimized, hybrid
prediction model. Our contribution is fourfold. (1) We propose a
novel, transform-based predictor and optimize its compression qual-
ity. (2) We significantly improve the coefficient-encoding efficiency
for the data-fitting predictor. (3) We propose an adaptive frame-
work that can select the best-fit predictor accurately for different
datasets. (4) We evaluate our solution and several existing state-of-
the-art lossy compressors by running real-world applications on a
supercomputer with 8,192 cores. Experiments show that our adap-
tive compressor can improve the compression ratio by 112~165%
compared with the second-best compressor. The parallel I/O per-
formance is improved by about 100% because of the significantly
reduced data size. The total I/O time is reduced by up to 60X with
our compressor compared with the original I/O time.
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1 INTRODUCTION

Today’s large-scale scientific simulations on leadership supercom-
puters produce extremely large amounts of data such that data
dumping/loading has become a major bottleneck. For instance, the
Hardware/Hybrid Accelerated Cosmology Code (HACC) [16] can
simulate 1~10 trillion particles in one simulation [45], producing
up to 220 TB of data for each snapshot, for a total of 22 PB of data
if there are 100 snapshots during the simulation. Even considering
a sustained bandwidth of 500 GB/s, the I/O time will still exceed 10
hours, which is prohibitive. To address this issue, the researchers
generally output the data by decimation, in other words, storing
one snapshot every K time steps in the simulation. This process defi-
nitely degrades the temporal constructiveness of the simulation and
also loses valuable information for postanalysis. Error-controlled
lossy compression techniques have been proposed as a better solu-
tion than the simple decimation method; these techniques reduce
the data size significantly while guaranteeing that the distortion of
compression data is acceptable [38]. Moreover, they usually lead
to much higher compression ratios given the same distortion, as
demonstrated in [22].

In the past decade, several error-controlled lossy data compres-
sors (including [1, 2, 4, 10, 12, 21, 27, 29, 33, 36, 38]) have been
developed to significantly reduce the scientific data size for differ-
ent purposes [6]. These lossy compressors can be classified into two
groups, based on how they decorrelate the original data. The first
group of compressors [4, 10, 27, 33] use a transform-based model
that leverages invertible transforms for the decorrelation. The sec-
ond group of compressors [12, 21, 29, 36, 38] use a prediction-based
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model that leverages various prediction methods for the decor-
relation. Generally speaking, no compression model can always
outperform the others. Even for the same dataset, the best-fit model
may differ depending on distortions. Hence, the method must be
carefully selected at runtime.

In this work, we focus on the significant improvement of com-
pression quality over the existing state-of-the-art lossy compression
techniques. This task raises the following challenges. (1) Scientific
simulations may produce vast volumes of data with largely different
characteristics, such that none of the existing lossy compression
techniques can work well stably on all datasets. (2) Designing a
lightweight, adaptive framework that can always choose the best
compressor is nontrivial because many lossy compressors exist
each with distinct design principles. Moreover, comparing the com-
pression quality between any two lossy compressors is nontrivial
because, given the same error bound, one compressor may have a
higher compression ratio with higher overall precision—such as the
peak signal-to-noise ratio (PSNR)—than the other compressor has,
leading to a dilemma in making a choice. (3) Further improving any
of these compressors is nontrivial because each has an elaborate
design and optimized implementation. ZFP, for instance, adopts an
optimized transformation method by extensive explorations on var-
ious transforms and couples it with embedded encoding to provide
fast and efficient lossy compression.

In our solution, we improve the lossy compression quality signif-
icantly, especially for cases with relatively high compression ratios,
by combining a prediction-based model and a transform-based
model in an error-bounded prediction-based lossy compression
framework. Specifically, we leverage the multidimensional trans-
form in the transform-based model as a predictor in the prediction-
based model, taking advantage of both models. We then optimize
the two predictors, followed by an online adaptive selection ap-
proach. To distinguish the predictors in the final framework from
the two initial models, we use the terms data-fitting predictor (for
the predictor used in the prediction-based model) and transform-
based predictor (for the proposed and improved predictor inspired
by the transform-based model) throughout the paper. Our contri-
butions are summarized as follows.

e We improve the coefficient-encoding efficiency for the data-
fitting predictor such that the compression ratio is improved
significantly for relatively high-compression cases.

o We design a transform-based predictor by adopting the trans-
form techniques of transform-based models in the prediction
stage of prediction-based models. This is the first such design,
to the best of our knowledge.

o We optimize the encoding strategy for the transform-based
predictor, significantly improving the compression ratio for
cases requiring relatively high compression ratios.

o We develop a best-fit predictor selection algorithm that can
automatically select the best predictor between the data-
fitting one and transform-based one in the compression.

e We conduct parallel experiments by running three well-
known scientific simulation datasets on a supercomputer
with up to 8,192 cores. Experiments show that our lossy
compressor can improve the compression ratio by 112~165%
compared with the second-best lossy compressor. With our
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compressor, the total I/O time can be reduced to only half
of the I/O time with the second-best lossy compressor. The
total I/O performance is improved by 60X compared with
the original I/O performance without compression.

The rest of the paper is organized as follows. In Section 2, we dis-
cuss related work. In Section 3, we formulate the research problem.
In Section 4, we describe our optimization strategies and propose
an adaptive solution to select the best-fit model. In Section 5, we
present the evaluation results from using three real-world simu-
lation datasets on a supercomputer. In Section 6, we present our
conclusion and discuss our future work.

2 RELATED WORK

To mitigate the storage burden and I/O bottleneck, researchers have
developed many data compressors. Lossless compressors [3, 5, 9,
11, 17, 49, 51] are designed to guarantee that the decompressed
data is valid, but they are not suitable for significantly reducing
the scientific simulation data size because of the hard-to-compress
random ending mantissa bits of the floating-point values. Their
compression ratios are usually around 2 [28, 32, 34], which is far
from that desired for large-scale scientific simulations running on
modern high-performance computing (HPC) systems [6, 14].

Error-bounded lossy compressors have been developed as an
important option for the scientific simulations to significantly re-
duce the data size while guaranteeing that the loss of data respects
user-defined error bounds. Two state-of-the-art lossy compression
models exist: prediction-based models [7, 12, 15, 21, 25, 29, 38]
and transform-based models [10, 23, 24, 27, 33, 42, 46]. The typical
related lossy compressors are described as follows.

e SSEM [33] is a wavelet-transform-based lossy compressor
designed to improve the overall checkpoint/restart perfor-
mance of climate simulations.

e ISABELA [21] is a prediction-based lossy compressor de-
signed mainly to save storage space, but it suffers from a
fairly low compression/decompression rate because of the
expensive sorting operations in the compressor.

e SZ [12, 38] is a prediction-based lossy compressor that in-
cludes four key steps: data prediction, linear-scaling quan-
tization, customized variable-length encoding, and lossless
compression using gzip [11] or zstd [51]. Prior work [13,
20, 25, 26, 37, 40, 50] shows that SZ leads the compression
quality among all the prediction-based compressors.

e ZFP [27] is a transform-based lossy compressor that com-
presses the dataset block by block (blocksize: 4x4 for 2D
data and 4x4x4 for 3D data). Each block involves four steps:
exponent alignment, fixed-point alignment, nonorthogonal
block transform to decorrelate the values, and embedded
encoding of the ordered coefficients one “bit plane” at a time.
Recent research [27, 38] indicates that ZFP is one of the best
error-controlled lossy compressors for scientific simulation
datasets.

e TTHRESH [4] is a recent Tucker-decomposition-based com-
pressor aiming at effectively compressing data under large
error bounds. However, it is not practical to be applied in in-
situ compression tasks due to the costly high-order singular
value decomposition.
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To date, several researchers have explored how to combine SZ
and ZFP for better compression quality. Lu et al. [30] assessed multi-
ple compressors using nine simulation datasets and concluded that
SZ and ZFP are the two best compressors in their class. They also
proposed a method to estimate the compression ratios for SZ and
ZFP. That method, however, works based only on the point-wise
relative error bounds (error divided by original data) instead of
statistical error metrics (such as PSNR). In [41], the authors pro-
posed an online approach to select the better strategy, SZ or ZFP,
automatically in terms of PSNR. It adopts a simple sampling method
designed based on SZ1.4 [38] (non-blockwise compression with
Lorenzo predictor [19]) but is not suitable for the block-wise, multi-
algorithm design in SZ2.0 [26], which is critical for fine-grained
optimization. Moreover, its estimation of the bit rate for ZFP over-
looks the metadata used by embedded coding, which may cause a
large estimation error in cases with relatively large user-defined
error bounds. Unlike these two works, we carefully analyze the
two compressors from an algorithmic perspective, optimize the
coefficient-encoding methods for both the data-fitting predictor
and the transform-based predictor, and design a lightweight method
to select the best strategy automatically. Our results show 100%
I/O performance gain compared with the second-best existing com-
pressor for large-scale simulations.

3 PROBLEM FORMULATION

In this paper, we focus on how to improve the compression quality
under the restrictions of error-bounded lossy compression. Here
we mainly use PSNR instead of the error bounds to assess the com-
pression quality, because domain scientists often care more about
the overall statistical errors, especially for visualization purposes.
Specifically, our objective is to ensure that the decompressed data
follow the error-bounding requirements and to optimize the rate
distortion metric (i.e., statistical errors), while incurring little degra-
dation on the compression speed.

Rate distortion is one of the most important metrics to assess
lossy compression quality. The rate here is short for bit rate (de-
noted 7), which refers to the mean number of bits used to represent
one data point after compression. We define the compression ratio
(denoted R) to be the ratio of the original raw data size to the com-
pressed data size. For a floating-point dataset, we have following
equations: 7 = %, based on single precision, and 7 = %, based on
double precision. Obviously, the lower the bit rate, the higher the
compression ratio.

To assess the data distortion, we use PSNR as follows:

PSNR = 20 - log,, (value_range) — 10 - log;, (MSE), (1)

where MSE stands for mean-squared error. This formula has been
widely used in the community [27, 29, 38, 39], because a higher
PSNR generally indicates better visual quality or higher overall
precision. In this case, given a dataset with N floating-point data
values, the research problem can be formulated as follows,

min (r) s.t. |di-d]|<eVi=12---,N ()

VPSNR
where {d1, d2, - - -, dn} and {d/, dy,---, dl’v} refer to the original raw
data values and decompressed data values, respectively.

I/O performance on parallel file systems is also an important
evaluation metric when lossy compressors are used. Specifically,
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we also target significantly reducing the overall data-dumping time
(dumping data to parallel file systems) and the data-loading time
(loading data from parallel file systems) for large-scale parallel exe-
cutions. In addition to the optimization of the rate distortion within
an error-bounded setting, the compression/decompression time are
also essential for I/O performance, because the data-dumping time
is the compression time plus the compressed data-writing time and
the data-loading time is the compressed data-reading time plus the
decompression time for lossy/lossless compressors.

4 OPTIMIZED, ADAPTIVE ERROR-BOUNDED
LOSSY COMPRESSION TECHNIQUE

In this section, we propose a novel, adaptive lossy compression
method based on the prediction-based model, which can improve
the lossy compression quality significantly over that of existing
state-of-the-art compressors. The fundamental idea is to improve
the prediction accuracy by leveraging both data-fitting predictors
(such as the Lorenzo predictor [19]) from prediction-based models
and transform-based predictors from transform-based models. The
design motivation comes from the fact that these two prediction
models are particularly effective on different datasets or different
error bounds, as we observed in numerous experiments based on
large-scale simulation datasets.

We present a workflow of our adaptive error-controlled lossy
compressor in Fig. 1. Highlighted boxes indicate the key modules
to be described in the following text. The arrows in this figure
indicate the execution order of each operation. We note that only
one of the dashed boxes in step 4 is executed at runtime because
we select the better solution of the two. In the first step we use a
lightweight blockwise data sampling technique that samples the
data along the diagonal of the datasets (with a granularity of block
size 8, e.g., 8x8x8 for 3D datasets). The most critical parts are steps
2~4, which are also the key novelty of our new design. Specifically,
we estimate the overall rate distortion for the two types of predic-
tors based on the data sampled in the previous step, respectively.
Our estimation method covers the whole compression procedure
for each type of predictor, including the efficiency of data predic-
tion, the effectiveness of the corresponding coefficient compression,
and the error-bounded quantization and encoding algorithms. We
also optimize the strategies of encoding/compressing coefficients
for both predictors, which will be detailed later. Step 5 involves
error-bounded quantization and encoding, as a result, the overall
compression method can strictly respect the user-specified error
bound; details can be found in previous work [38].

4.1 Optimization of Lossy Compression with
Data-Fitting Predictor

For the data-fitting predictor, we adopt the existing hybrid predic-
tor used by SZ2.0 [26], and we propose an improved coefficient-
compression strategy that can increase the compression ratio for
high-compression cases. In what follows, we introduce the hybrid
prediction model first and then describe our improvement strategy.

4.1.1 Hybrid Design in $Z2.0. In SZ2.0, the whole dataset is split
into non-overlapped blocks (e.g., multiple 6x6x6 cubes for the 3D
dataset), and the prediction method—either a Lorenzo predictor
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Figure 1: Steps of Our Adaptive Error-Bounded Lossy Compressor

[19] or a linear regression method—is selected in each block by a
sampling method. The former method is the same as the prediction
method proposed in [38]. In the latter method, a linear hyperplane
(fG,j, k) = Po + Pii + P2j + P3k, where i,jk are the indices of
the data points), is constructed to fit the data in each block by
using a least-squares linear regression method. Specifically, the
four coefficients fy, f1, P2, and B3 (as per block) are calculated
by letting the partial derivatives of the squared error loss func-
tion S SR S (o + Bui + Baj + Pk — fijk)? be equal to
0. The constructed linear hyperplane is then used to predict the
data values in the data block. In our implementation, we set the
block size to 8x8x8, since it is neither too small for SZ to avoid high
coefficient overhead (usually requiring 6+) nor indivisible by the
block size required by ZFP (4) so that the efficiency of the two types
of predictors on the same block is comparable.

4.1.2  Improved Regression Coefficient Compression. To improve
the compression ratio significantly for high-compression cases in
the data-fitting predictor, we propose a more efficient coefficient
compression strategy for the linear regression prediction. In SZ 2.0
[26], all the regression coefficients were collected in terms of their
types and then compressed by an IEEE-754-binary analysis. Com-
pressing each group of coefficients is similar to the unpredictable
data compression method used in SZ [12]. Four steps are involved:
(1) calculate the value range and median value based on the coeffi-
cients in this group, (2) normalize all coefficients by taking away
the median value from each data value, (3) encode the XOR-leading
zero bytes using a 2-bit code for the data values that have the same
leading bits with their preceding adjacent values, and (4) truncate
the insignificant mantissa bits based on the error bound. Although
this approach alleviates the required storage for the regression coef-
ficients, it cannot help much when the error bound is large, because
of the limitation of the XOR encoding.

In our new solution, we compress these coefficients based on
the relatively high smoothness of the coefficients across the adja-
cent blocks selecting the linear-regression method. Specifically, we
predict the current coefficient according to its adjacent coefficients
of the same type, and we perform the linear quantization on the
difference, followed by the Huffman encoding algorithm. That is,
we apply a separate compression pipeline (except the lossless com-
pression) to these coefficients besides the data points, at a cost of
ﬁ overhead since 4 coefficients out of nynzn3 data points in the
block need to be compressed. Since the blocks selecting the linear
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regression may not be consecutive, the multidimensional prediction
mechanism in the Lorenzo predictor cannot be used anymore to
discard the unused regression coefficients. To overcome this issue,
we first linearize the regression coefficients in the blocks selecting
linear regression and perform the 1D prediction. If many blocks
use regression, this method will lead to a high compression ratio
because of the high smoothness in adjacent blocks. If only a small
fraction of blocks use regression, the performance will degrade
because the prediction cannot be accurate in this case. At this time,
however, the data would be hard to compress, and the number of
coeflicients to be stored is small. Thus, the regression coefficients
would take only a small percentage of storage, making little dif-
ference to the final rate distortion. A sample visualization of the
regression coefficients (Hurricane Uf48, value-range-based error
bound 5e — 3) is displayed in Fig. 2(a), when 86% of the blocks are
choosing linear regression. The black pixels indicate the blocks se-
lecting the Lorenzo predictor. From this figure, we can observe that
the regression coeflicients are smooth, from which the prediction
mechanism would definitely benefit.

A critical parameter for this approach is the error bound for
the regression coefficients. We choose it so that the deviation
caused by the decompressed regression coefficients (compared
with the computed regression coefficients) will be bounded by an
error bound €. Let €, €1, €2, and €3 stand for the absolute error
bound for Sy, fi, P2, and Ps, respectively. A sufficient condition

iseg = §, 61 = L€ = —— and e3 = m because

m 4(ny-1)
it guarantees |B] + B{i + B5j + Pk — (Bo + Pri + f2j + f3k)| <
leol + le1(n1 — )| + |e2(nz = 1| + |e3(n3 = 1)| < €, where B, 1, B5,
and f; denote the decompressed regression coefficients.

This method provides a solution to bound the prediction error,
but how to set the error bound e is still problematic. One must
make a tradeoff between the efficiency of regression coefficients
compression and the accuracy of regression prediction. A large
error bound will lead to higher compression ratios for the regres-
sion coefficients, while degrading the overall compression ratio
and/or PSNR since the prediction is not as accurate as before. On
the contrary, a small error bound could guarantee the deviation
of regression prediction at the cost of a lower compression ratio
for the coefficients. We explore the error setting relative to the
user-set error bound via an empirical way and the results of two
representative fields of the hurricane datasets are shown in Fig.
2(b) and Fig. 2(c) when the value-range-based error bound is set to
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Figure 2: Analysis of Regression Coefficients on the Hurricane Simulation

5e — 3. In the figure, 86% and 66% of the blocks select regression
for the given settings, respectively. Both figures indicate that the
compression ratio of the regression coefficients keeps increasing
while the overall compression ratio goes up and then down as the
error bound gets looser, a result consistent with our analysis. We
also note that the PSNR also decreases slowly with the looser error
bound, from 51.85 to 50.94 (Uf48) and 52.62 to 51.11 (PRECIP{48).
Therefore, we choose € = 0.1 as our default setting, because it has a
reasonable overall compression ratio and PSNR while guaranteeing
that the regression prediction is relatively accurate.
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Figure 3: Ratio Distortion of Coefficients Compression on
Hurricane Simulation

Figure 3 shows the improvement of the compression ratio based
on our new coeflicient compression method compared with the
XOR encoding used by SZ 2.0 (denoted by old coeff. compression)
for two example fields from the hurricane simulation. We can clearly
observe that our new solution improves the compression ratio by
up to 200~300% in relatively high-compression cases.

4.2 Optimization of Lossy Compression with
Transform-Based Predictor

Another critical contribution in this work is that we develop and
optimize a transform-based predictor based on transform-based
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compression models. This contribution can significantly improve
the compression quality in many cases.

Transform-based models usually leverage a multidimensional
transform for the purpose of value decorrelation [27], followed
by some encoding algorithm. Embedded encoding is one of the
most efficient encoding strategies. The key idea of our optimization
is to improve the coefficient encoding in the embedded encoding
stage for transform-based predictors. We adopt ZFP’s nonorthog-
onal transform [27] as our transform-based predictor because its
decorrelation efficiency has been confirmed to be more efficient
than that of other transforms such as a discrete cosine transform
or wavelet transform. Our approach is a generic solution that can
also be applied to other types of transforms.

We apply the transform-based predictor on each data block with
block size of 4 (e.g., 4x4x4 for 3D data), following three steps: (1)
perform nonorthogonal transform to convert the 64 data points to 64
coefficients, (2) perform our improved coding strategy to compress
the coefficients, and (3) predict each data value by the inverse
nonorthogonal transform based on the reconstructed coefficients.
Step 2 is the most critical in our improvement, and it has two key
issues to resolve: developing an efficient coefficient compression
method and estimating the optimal error setting for the transform-
based predictor.

4.2.1 Efficient Transform Coefficient Compression Method. In what
follows, we illustrate in Fig. 4 the classic embedded encoding pro-
posed in [27] and then describe our improvement method. This
classic coding strategy first reorders the transform coefficients from
the upper left corner (highest energy in the transformed domain) to
the bottom right corner (lowest energy in the transformed domain)
such that these coefficients will be roughly sorted in a descend-
ing order automatically. Then, it divides the 64 coefficients into
nine groups, according to the group sizes displayed in Table 1 (see
second row). Next, it computes the max bit plane (in terms of the
user-defined error bound and max value in current block), after
which the bit planes are negligible and can be discarded. The bit
planes located before the max bit plane (called significant bit planes,
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Figure 4: Embedded Coding (shaded bits would be dropped)

bits 0-9 in Fig. 4) will be compressed one by one losslessly. Since
there are many zero bits due to the previous reordering of the co-
efficients, only a few bits (called encoding bits) that are organized
in groups need to be stored (as highlighted in Fig. 4). In addition,
three more types of metadata need to be stored: (1) sign bits, used
to indicate the sign for the nonzero coefficients; (2) group bits, used
to mark the grouping outlines; and (3) skip bits, used to indicate the
ending bit of the current bit plane. As shown in Fig. 4, for example,
group 1 has 8 encoding bits, 1 sign bit, 1 group bit, and 5 skip bits;
group 2 has 9 (=3x3) encoding bits, 2 sign bits (because one data is
0), 1 group bit, and 2 skip bits; and group 3 has 6 (=1x6) encoding
bits, 3 sign bits, 1 group bit, and 1 skip bit. In this example, other
groups are not recorded because they are all zeros. Therefore, the to-
tal number of bits used to encode this block of data is 15+14+11=40.
Note that from among the 40 bits, the number of encoding bits
is 9+8+6=23, which means that 17 bits belong to metadata. They
cannot be overlooked, as is validated by Table 1, because of the
large difference between the average overall bit rate (see row 4) and
the average encoding bit rate (see row 3).

A critical drawback of this embedded encoding method is the
significantly uneven compression quality for different coefficients.
As demonstrated in Table 1, the first and the second groups of
coeflicients are compressed poorly—only 2x for coefficients in the
first group and 7x for those in the second group, far less than desired
given the error bound. Nevertheless, these two groups of coefficients
take up more than 75% of the storage space in the compressed data,
significantly affecting the final compression ratio.

We propose a novel encoding algorithm that can significantly
improve the coding efficiency. The key idea comes from our ob-
servation that the coefficients are still consecutive across blocks
such that we can improve the compression efficiency by taking
advantage of this feature. As an example, we demonstrate in Fig.
5 the visualization of the first four sets of transform coefficients
(128x128) aggregated across all blocks for the slice 300 (a 512x512
image) of the NYX velocity_x field. In particular, the first coeffi-
cients extracted from all the blocks construct an image that looks
much like the original raw data image (the left image in Fig. 5). The
second, third, and fourth transform coefficients across all blocks
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also have a relatively high spatial continuity, based on which we

can further improve the coefficients’ compression ratios.
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Figure 5: Visualizing Raw Data and Transform Coefficients
(NYX:Velocity x)

In our solution, we adopt the data-fitting compression method
(see Section 4.1) to compress/encode these coefficients with the
same error bound as the traditional embedded encoding. We call
it SZ encoding in this section. The groupwise average bit rates
of these coeflicients are displayed and compared with those of
embedded encoding in Fig. 6(a). This figure illustrates an interesting
trend of the groupwise bit rates on the two encoding strategies:
the SZ encoding outperforms the embedded encoding on the first
two groups, while the embedded encoding is better on the other
groups. These results inspire us to seek a hybrid approach selecting
SZ encoding for the first few groups and switching to embedded
encoding for the remaining groups.

We use a sampling approach to determine the appropriate num-
ber of coefficients to be compressed by SZ encoding. We sample
the data blocks on the diagonal of the dataset to involve data
with different positions by minimal sampling rate. Specifically,
we divide the whole dataset into N‘ X IJ\Y Nl; subblocks (each
being a Ny xNpyxNy, cube), Where Nm = min(Ny, N2, N3), and
N; refer to the dimension sizes (i.e., number of elements along
the dimension i). Then, we sample the four diagonals in each
subblock by the granularity of 8x8x8 blocks,! which will glean

4 % N’” N111\>12N3 %83 = 2567\}?]21\]3 data points, introducing small

overhead to the dataset with 'tnhe comparable dimension sizes (e.g.,
only 0.1% for the NYX dataset since Ny=N2=N3=512). In fact, other
sampling methods such as uniform sampling could work equally
well as long as they are done in block granularity. But this diagonal
sampling method could lead to reasonable result with quite small
sampling rate when the dimension sizes are close.

The sampled data will be transformed to the coefficients, which
will be used to estimate the bit rates of the two encoding approaches
by our designed estimation method. For the embedded encoding
approach, its groupwise number of encoded bits can be computed
precisely. The encoding bits of a data point can be computed ex-
actly by subtracting the max bit plane by the position of the first
nonzero element. The sign bits of a group can be approximated as
the number of coefficients whose encoding bits have at least one
nonzero bit. The group bit of one group is incremented by 1 as long
as there exhibits one coefficient with non-all-zero encoding bits.

!We choose the granularity of 8x8x8 blocks in order to be consistent with the
sampling granularity in our designed data-fitting method (Section 4.1).
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Table 1: Storage Decomposition of the Transform Coefficients on NYX Velocity x with Value-Range-Based Error Bound 6e-3

Group ID 1 2 3 4 5 6 7 8 9

# coeffcients 1 3 6 10 12 12 10 6 4

bit rate (encoding) 8.29 2.938 0.4837 | 0.1835 | 0.09343 | 0.05405 | 0.03231 | 0.01808 | 0.009857
bit rate (overall) 15.64 4.847 0.6865 | 0.2324 | 0.1148 | 0.06632 | 0.04093 | 0.02534 | 0.01462
weighted percent | 39.678 | 36.8899 | 10.4497 | 5.8959 | 3.4949 2.019 1.0384 0.3857 0.1484

The skip bits, on the other hand, can be computed by taking away
the length of the encoding bits of the next group from the length
of the encoding bits of the current group. Therefore, we can esti-
mate the overall bit rate of each group for the embedded encoding
accurately. For the estimation of SZ encoding’s bit rate, we esti-
mate the Lorenzo prediction errors by computing the differences
between the four top 4x4x4 subblocks and the four bottom 4x4x4
subblocks in each sampled 8x8x8 block. This is accurate enough
for the bit rate estimation because it simulates the 1D Lorenzo pre-
dictor. We then compute quantization indices and use the entropy
formula br=X;p; log p; to estimate the final bit rate, since SZ adopts
a Huffman encoding in the last step.
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(b) Estimated Bit Rates of Coefficients Compression on Sampled Data

Figure 6: Efficiency of Compressing Coefficients (NYX: Ve-
locity_x with value-range based error bound 6e-3)

Figure 6 presents the estimated bit rates based on the sampled
data versus the real bit rates based on all data when compressing the
transform coefficients over the Velocity_x field in the NYX dataset.
By comparing the blue curves and red curves between the two
subfigures, respectively, we can see that our estimation is accurate
for both embedded encoding and SZ encoding for the first ten
coefficients, which take the majority of the storage space (over 85%
according to Table 1). The estimation for the remaining coefficients
of the SZ encoding is not that accurate because the bit rate estimated
by the entropy formula is a lower bound. We argue that it would not
degrade the overall performance prominently because the difference
of SZ encoding and embedded encoding is relatively small and the
weighted percentages of the remaining coefficients are low for the
target bit rate. If we compress the example coefficients in Fig. 4
using our hybrid approach, the average number of bits after the
coefficient compression would be 5.1+2.3X3+11=23, obtaining 70+%
improvement over the original embedded encoding (40 bits).
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4.2.2  Estimation of the Optimal Error Setting. In the transform-
based prediction model, we still need to set an error bound to
compress the transformed coefficients. Doing so involves tradeoff.
Too small an error bound may degrade the prediction model to the
domain-transform kernel without quantization, overpreserving the
errors unexpectedly. Too large an error bound, on the other hand,
will cause a large loss after the inverse-transform and thus result
in low quantization efficiency.

To obtain the best tradeoff, we develop an efficient strategy by a
sampling method. We reuse the same sampled data as well as the
transformed coefficients to reduce the overhead. Our objective is
to search for the optimal error bound ratio (i.e., the ratio of the
error bound used by the transform-based predictor to the user’s
target error bound) in terms of the sampled data. Specifically, we set
the initial error bound ratio to 1, which means that the prediction
model is degraded to the domain-transform kernel because the
reconstructed data must be within the user’s error bound. Then,
we estimate the optimal numbers of the transform coefficients for
SZ encoding and embedded encoding. Next, we reconstruct the
transform coefficients, based on which the inverse transform will
be performed. After that, the bit rate can be estimated by adopting
the remaining steps of the prediction-based compression model
(i.e., error-bounded quantization and lossless compression), and
the mean squared error (MSE) can be calculated. This procedure
is repeated with doubled error bound ratios 8 times (we set it to 8
times because it can always cover the best tradeoff based on our
experiential observations).

Our algorithm selects the best error bound setting based on the
8 rate-distortion results collected from above. Specifically, the rate
distortion with an error bound ratio of 1 serves as the baseline (i.e.,
bit rate brg and MSE mseg) and increases by 2x for each trial. We
define the bit-rate decay rate as log Z—:‘: and the MSE increase rate

as log 2% for all other rate distortion results. The optimal error
mseg

bry

b o
lTsré,-, because it indicates the
og mSC’O

highest bit-rate decay over the MSE increase rate.

setting is the one that maximizes

4.3 Selecting the Best-Fit Prediction Method

The basic idea in choosing the best-fit prediction method is compar-
ing the estimated rate distortion between the two types of predictors
and selecting the better solution. A good rate distortion means the
situation with high PSNR and low bit rate. Based on this, we present
the pseudo-code in Algorithm 1, where Ry (e) and Pr(e) refer to
the bit rate and PSNR, respectively, using the data-fitting-based
prediction method with the error bound e. Similarly, R;(e) and Py (e)
refer to the bit rate and PSNR using the transform-based prediction
method with e. Given a specific error bound, our algorithm involves
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two critical stages:

Stage I (line 1): Using the sampled data, estimate the optimal er-
ror bound setting (denoted €) based on Section 4.2, such that the
selected setting may result in the rate distortion being better than
others for the transform-based predictor. We denote the correspond-
ing bit rate and PSNR by R} and P;, respectively.

Stage II (line 4~22): Using the same sampled data, estimate the
rate distortion for the data-fitting-based prediction model, in the
vicinity of the rate distortion point (R}, P;) optimized in Stage L.

Algorithm 1 BEST-FIT PREDICTOR SELECTION ALGORITHM

Input: user-specified error bound (denoted as €)
Output: bestfit predictor (either data-fitting or domain-transform)
1: Estimate the optimal rate-distortion point, denoted by (R}, P}),
for the transform-based prediction model (Section 4.2);
2: e < ¢€; /*Set the initial error setting to the user-specified error
bound*/
. Selection<—null, R } «null, P]’C «null;/*initialization®/
: repeat
if (Rr(e)<R; and Py(e)>Pyf) then
Selection «— data-fitting; /*data-fitting is better*/
break;
else if (Rr(e)>R} and Pr(e)<P;) then
Selection « domain-transform; /*domain-transform is
better*/
10: break;
1. elseif (((R} <Rj and P;<P;‘) and (Ry(e)>R; and Pr(e)>Py;))
or ((R} >R} and PJ’( >P;) and (Rp(e)<R; and Pg(e)<P})))

Y 2 oW

then
12: Estimate Py (e;) by linear interpolation with the two rate-
distortion points (RJ’C,P]’,) and (Rr(e),Pr(e));
13: Selection<—arg max (Py(e;), Py);/*select  with  higher
PSNR*/
14: break;
1. else if (Rp(e)<R; and Py(e)<P;) then
16: R} —Rg(e), Pj} «—P¢(e); /"record the rate-distortion point*/
17: e < 2e; /*double the error bound for next checking*/
1. else if (Rp(e)>R; and Py(e)>P;) then
19: R} <Ry (e), PJL «—Pg(e); /"record the rate-distortion point*/
20: e « e/2; /*half the error bound for next checking™/

21:  endif
22: until (Selection # null)
23: Output selection;

We illustrate in Fig. 7 all six cases corresponding to the if-branches
of Algorithm 1. The algorithm keeps searching for the error bound
setting (with exponential increase/decrease) for the data-fitting-
based prediction model (in the cases (e) and (f)) until we can judge
which predictor is better (via the cases (a)-(d)). That is, the subfig-
ures (a)—-(d) are the termination condition, corresponding to lines
5-7, lines 8-10, and lines 11-14, respectively, in the algorithm, while
the subfigures (e) and (f) correspond to lines 15-21, meaning that
the error bound needs to be doubled or halved to keep searching
toward the target estimated optimal point (R},P}).
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Figure 7: Illustration of Best-Fit Predictor Selection Algo-
rithm

5 PERFORMANCE EVALUATION

In this section, we present the performance evaluation results to
show the accuracy of our best-fit selection algorithm and the rate-
distortion graph of our adaptive compressor compared with other
state-of-the-art lossy compressors. We also evaluate the parallel I/O
performance by launching thousands of MPI ranks to dump/load
real-world datasets on a supercomputer with different scales. We
show that our optimized lossy compressor can significantly improve
the rate distortion and also outperform the second-best compression
method by about 100% with respect to the overall I/O performance.

5.1 Experimental Setting

We conducted our experimental evaluation on the Bebop supercom-
puter [35] at Argonne National Laboratory using 2,048~8,192 cores
(i.e., 64~256 nodes, each with two Intel Xeon E5-2695 v4 processors
and 128 GB of memory, and each processor with 18 cores). The
storage system uses General Parallel File Systems (GPFS), which are
located on a raid array and served by multiple file servers. The I/O
and storage systems are typical high-end supercomputer facilities
equipped with two I/O nodes. Such a system is a good case for
demonstrating the I/O bottleneck when I/O is saturated, which is
a common case when running extremely large-scale applications
(e.g., with millions of cores) on cutting-edge supercomputers be-
cause I/O nodes are always far fewer than compute nodes. We use
the file-per-process mode with POSIX I/O [48] on each process for
reading/writing data in parallel.!

The application data is from multiple domains including Hur-
ricane Isabel climate simulation [18], NYX cosmology simulation
[31], and SCALE-LETKF weather simulation [47]. Each application
involves multiple simulation snapshots (or time steps). Without loss
of generality, we assessed only meaningful fields with relatively
large data sizes (other fields have either constant data or data sizes
that are too small). Also, some datasets with closed clustered data
in [0, 1] are transformed to its logarithmic domain for better visu-
alization quality, as suggested by the domain scientists. The data
sizes per snapshot are 1.3 GB, 3 GB, and 6 GB per core for the three
applications, respectively. Thus, the total data sizes per snapshot

1POSIX I/0 performance is close to other parallel I/O performance such as MPI-IO
[43] when thousands of files are written/read simultaneously on GPFS, as indicated by
a recent study [44]. We also validated that the read/write performance difference of
POSIX I/0 and MPI-IO is within +£10%, when the execution scale is between 2k cores
and 8k cores. POSIX I/O and MPI-IO are both widely used in scientific simulations;
we choose POSIX I/O for simplicity and without loss of generality. The result about
1/0 performance gain under our solution with MPI-IO is actually similar to that with
POSIX I/O, according to our experiments.
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Figure 8: Assessment of Bestfit Selection Algorithm on Hurricane Isabel
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Figure 10: Assessment of Best-Fit Selection Algorithm on SCALE-LETKF
are 10.4 TB, 24 TB, and 48 TB, respectively, when the execution bounds as compression quality because domain scientists care more
scale is 8,192 cores in our experiment. about overall statistical errors, as mentioned in Section 3.

We focus on the improvement in rate distortion and in parallel In what follows, we first assess our selection algorithm in terms
I/O performance by leveraging our designed lossy compressor, as of the overall rate distortion results, that is, the bit rate vs. data
compared with three state-of-the-art lossy compression methods: distortion (assessed via PSNR). Next we compare the overall rate
SZ2.0 [26], ZFP0.5.4 [27], and an automatic online selection be- distortion of our compressor with that of other state-of-the-art
tween SZ and ZFP from [41] (called AOS for short). They have been compressors, and we investigate the satisfactory level of data dis-
confirmed as the best in class [8, 30, 41]. Since the compression ratio tortion by visualizing the decompressed data compared with the
will dominate the I/O performance in a large-scale environment original raw data in high resolution. We then report on a series of
(as discussed in Section 3), we also investigated the rate distortion parallel experiments to evaluate the I/O performance gain of our
of different compressors. We note that we did not evaluate error lossy compressor against other state-of-the-art compressors.
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5.2 Assessment of Our Bestfit Prediction
Selection Algorithm

In this subsection, we analyze the effectiveness of our best-fit pre-
diction selection algorithm proposed in Section 4.3. We present the
rate distortion curves of the three solutions based on our improved
data-fitting prediction, our improved transform-based prediction,
and our best-fit selection algorithm, respectively, in Figs. 8, 9, and
10. We demonstrate three fields for each application because of the
limited space; other fields lead to the similar results. Based on the
definitions of PSNR and bit rate given in Section 3, the more left a
curve is located, the higher its overall compression quality is. We
can see that our selection algorithm can always select the best-fit
predictor in the given bit rate range, such that the rate distortion re-
sult is optimized for any point in this range. In Fig. 8(a), for instance,
our solution selects the data-fitting predictor when the bit-rate is
lower than 0.1 or higher than 2.5 and the transform-based predictor
otherwise, leading to the best rate distortion for all bit rates. On the
other hand, our solution is able to select the data-fitting predictor
when it is better than the transform-based predictor, as shown in 8
(c). Therefore, our solution can lead to a much better result when all
the fields in the dataset are considered. We note that our solution
does not fully overlap with the data-fitting predictor because it does
not yield the same error bound (due to the selection mechanism)
as the data-fitting predictor for one or two points on the switching
boundary. They would have the same result, however, when the
error bound in the selector is restricted to the same value.

5.3 Rate Distortion of Our Solution versus
State-of-the-Art Methods

We present the rate distortion curves (bit rate vs. PSNR) for the three
applications in Figs. 11, 12, and 13. In each figure, we present the
overall result (with the same error bounds for all fields) in the first
subfigure and demonstrate the results for two specific fields in the
other two subfigures. One can clearly see that our solution always
outperforms other compressors in compression quality. The key
reason is that our new encoding scheme for the transform-based
predictor is more efficient than the traditional embedded encoding.
Also, it can automatically switch to the data-fitting predictor when
the data-fitting predictor performs well as our sampling strategy
can effectively select the best-fit one. Note that AOS is worse than
S$Z2.0 in some cases because it builds on the Lorenzo predictor in
SZ1.4 and its mechanism cannot be applied to the hybrid design
in SZ2.0 directly. Also note that the overall improvement on all
fields for each application appears not as high as the individual
gain on each field, because we can only adopt the same error bound
to perform the compression for each field, such that the PSNR
values across different fields have a high variance, leading to a
mitigated overall PSNR. This situation would not happen when
people compress the data based on the statistical distortion (PSNR)
instead of the same error bound for different fields, which is a usual
case in the real world.

5.4 Parallel Performance

Before performing the evaluation of parallel I/O performance with
different lossy compressors, we need to determine the acceptable
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Figure 11: Rate Distortion in Hurricane Isabel Simulation
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Figure 13: Rate Distortion in SCALE-LETKF Simulation

level of data distortion. To this end, we plot the data using a visual-
ization tool for each field involved in our experiment and select the
distortion level (PSNR) with a high visual quality for each field. We
demonstrate two examples in Figure 14 and Figure 15, respectively.
In the NYX simulation, for instance, the reconstructed data of the
velocity_x field has a fairly high visual quality (even visualizing it
with a higher resolution) when the PSNR is about 68, whereas its
visual quality decreases with lower PSNR. By comparison, for the
QS field in the SCALE-LETKF simulation, PSNR=46 is enough for
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getting a good visual quality (see Fig. 15), whereas PSNR=32 causes
a noticeable distortion with high resolution. In our experiments,
we tune the PSNR to the same value for different lossy compressors.
This value is set to 60 ~ 70 for normal data (e.g. NYX velocity_x)
and 40 ~ 50 for the logarithmic data (e.g. SCALE-LETKF QS).

(a) original raw data (b) dec_data (PSNR=68)  (c) dec_data (PSNR=52)

Figure 14: Visualization of NYX (velocity_x) by Comparing
Raw Data and Reconstructed Data with Different PSNRs

(a) original raw data

(b) dec_data (PSNR=46) (c) dec_data (PSNR=32)

Figure 15: Visualization of SCALE-LETKF (QS) by Compar-
ing Raw Data and Reconstructed Data with Different PSNRs

Table 2: Compression Ratios (Raw Size over Compressed
Size) and Memory Overhead

SZ2.0 ZFP0.5.4 AOS | OurSol
Hurricane Isabel 36.83 | 29.46 (<1%) | 30.04 | 54.5
NYX 53.78 | 46,51 (<1%) | 46.51 | 103.7 | 96.92 (1.6%)
SCALE-LETKF 5172 | 41.26(<1%) | 43.82 | 1095 | 102.1 (1.1%)

‘Memory Overhead‘ 100% | Constant! ‘ 100% | 100% ‘ Constant! ‘

OurSol_b
51.69 (1.1%)

Table 2 presents the compression ratios when compressing the
three application datasets by four compressors with the same data
distortion (PSNR). The table shows that our solution leads to the
highest compression ratio in all cases. In absolute terms, its com-
pression ratio is higher than that of the others by 48~85%, 93~123%,
and 112~165%, respectively. We also show the memory overhead
of these different approaches. Since SZ requires extra space to store
the frequencies in the Huffman tree, it incurs 100% memory over-
head. On the other hand, ZFP only has constant memory overhead
since it processes the data block by block. AOS follows either SZ

Lexact number in the brackets
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or ZFP, so it has 100% memory overhead in the worst case. Our
vanilla solution adopts the SZ prediction scheme as it is, leading to
100% overhead. In fact, the memory overhead can be significantly
reduced by dividing the data into small blocks and performing the
compression block by block, such that the memory overhead can be
limited to the block size (constant). We show the result of this block-
wise optimization with 128x128x128 block division (64x64x64 for
Hurricane to keep around 1% memory overhead) in the last column
“OurSol_b”. It has constant memory overhead with slightly lower
compression ratio (less than 7%) due to the overhead of the Huffman
tree in each block. But it still keeps the dominance in compression
ratios, compared with other existing lossy compressors.

As discussed in Section 3, the data dumping/loading performance
with lossy compression includes both I/O performance of the par-
allel file system and compression/decompression performance of
the compressor. For large-scale executions when I/O is saturated,
however, the compression ratio will dominate the overall data
dumping/loading performance for weak-scaling problems, which
is often the case for scientific simulations. The reason is that the
1/O throughput will remain constant while the total I/O size will
increase linearly with the scale. On the other hand, the compres-
sion/decompression time will not change because the workload
on each rank/node will remain the same even when the scale in-
creases because of limited memory capacity per rank/node (i.e.,
weak-scaling case). Therefore, the compression ratio will always
be the dominant factor for the total I/O performance of current
parallel systems when the scale becomes large, as confirmed in our
following experiments.
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Figure 16: Parallel Performance on Hurricane Isabel Simu-
lation

We present the overall data-dumping time and data-loading time
for the three applications (Hurricane Isabel climate simulation, NYX
cosmological simulation, and SCALE-LETKF weather simulation),
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Figure 17: Parallel Performance on NYX Simulation
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Figure 18: Parallel Performance on SCALE-LETKF Simula-
tion

in Figs. 16, 17, and 18, respectively. Specifically, we launched 2,048
ranks (~ 8,192 ranks) to dump and load the total data in parallel.
The original raw data writing times would be over 2 hours, 5 hours,
and 10 hours, respectively, because of the extremely large data size
(10 TB~48 TB) to process. We ran each case five times and record
the compression/decompression time and writing/reading time, as
well as the error bars of the total time. The three figures clearly
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show that the solution with our new compressor improves the total
/O performance by 60X than the original I/O performance with-
out any compressor. Moreover, our solution outperforms the other
three solutions significantly, especially when the execution scale
reaches 8,192 cores. The performance gains over other solutions are
approaching the compression ratios with execution scale (or total
data size), as is consistent with our analysis. For instance, for the
data-dumping performance of the SCALE-LETKEF application, our
solution outperforms others by 9.6~15%, 39.1~64%, and 72.5~110%,
respectively, which gets closer and closer to the gains on the com-
pression ratios (112%~165%). For the NYX simulation, our solution
outperforms the other solutions by 17.8~30% in dumping 6 TB of
data by 2,048 cores, and it increases up to 85.3~94% for dumping
24 TB data by 8,192 cores. Moreover, our solution may get further
I/O performance gains over other solutions at larger execution
scales when I/O is saturated, since the compression time is constant
whereas the I/O increases nearly linearly with scale.

6 CONCLUSION AND FUTURE WORK

In this paper, we seek to optimize the rate distortion of error-
bounded lossy compression by adopting an adaptive, hybrid predic-
tion framework that combines the prediction-based compression
model and transform-based compression model. We improve the
coeflicient encoding efficiency for both models and also optimize
the estimation accuracy to select the best-fit predictor. We perform
our evaluation using large real-world simulation datasets across
different scientific domains on a supercomputer with up to 8,192
cores. The important insights are summarized as follows.

e Our adaptive predictor selector has very high accuracy in
selecting the best-fit strategy between data-fitting predictor
and domain-transform predictor. This approach leads to the
best rate distortion graph among existing lossy compressors.

e The compression ratio of our adaptive compressor is higher
than that of other state-of-the-art compressors by 112%~165%,
with the same level of acceptable data distortion.

e Our solution outperforms other compression solutions by
about 100% when dumpling/loading 10 TB~48 TB of data on
a parallel file system with 8,192 cores.

We plan to further improve the compression quality by exploring
more effective prediction models and coding algorithms.
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Appendix: Artifact Description/Artifact Evaluation

SUMMARY OF THE EXPERIMENTS REPORTED
We ran our software and the baselines on the bebop supercomputer
with Intel MPI and Intel MKL. The system is equipped with 2 Intel
Xeon E5-2695 v4 processors per node, each with 18 cores, and GPFS
file system with 2 I/O nodes.

ARTIFACT AVAILABILITY

Software Artifact Availability: All author-created software arti-
facts are maintained in a public repository under an OSI-approved
license.

Hardware Artifact Availability: There are no author-created hard-
ware artifacts.

Data Artifact Availability: All author-created data artifacts are
maintained in a public repository under an OSI-approved license.

Proprietary Artifacts: None of the associated artifacts, author-
created or otherwise, are proprietary.

List of URLs and/or DOIs where artifacts are available:

https://www.lcrc.anl.gov/systems/resources/bebop
https://github.com/1xAltria/hybrid\_lossy\_compressi
— on.git

https://sdrbench.github.io

BASELINE EXPERIMENTAL SETUP, AND
MODIFICATIONS MADE FOR THE PAPER

Relevant hardware details: Intel Xeon E5-2695 v4 processors, 2
processors/node, 18 cores/per processor, Omni-Path Fabric Inter-
connect, GPFS with 2 I/O nodes

Operating systems and versions: CentOS 7 running Linux kernel
3.10.0-957.5.1.el7.x86_64

Compilers and versions: gcc 4.8.5

Libraries and  versions: intel-mpi/2017.3-dfphqék, intel-
mkl/2017.3.196-v7uuj6z

Input datasets and versions: All fields in Hurricane, NYX, SCALE-
LETKF

Paper  Modifications: No modifications on the soft-

wares/hardwares.

Output from scripts that gathers execution environment informa-
tion.

LMOD_FAMILY_COMPILER_VERSION=17.0.4-74uvhji
MKLROOT=/blues/gpfs/home/software/spack-0.10.1/opt/s
— pack/linux-centos7-x86_64/intel-17.0.4/intel-mkl
— =2017.3.196-v7uuj6zmthzln35n2hb7i5u5ybncv5ev/comp
— ilers_and_libraries_2017.4.196/1inux/mkl

RIGHTS L

MANPATH=/blues/gpfs/home/software/spack-0.10.1/opt/s
< pack/linux-centos7-x86_64/intel-17.0.4/intel-mpi
— —2017.3-dfphg6kavje2olnichisvjjndtridrok/compiler
s_and_libraries_2017.4.196/1linux/mpi/man:/blues/
gpfs/home/software/spack-0.10.1/opt/spack/linux-
centos7-x86_64/gcc-4.8.5/intel-17.0.4-74uvhjiuly
qgvsmywifbbuo46v5n42xc/man: /blues/gpfs/home/soft
ware/spack-0.10.1/opt/spack/linux-centos7-x86_64
/gcc-4.8.5/1mod-7.4.9-ic63herzfgw5u3nabmdtvp3nwx
— y60j2z/1mod/1mod/share/man: :

HOSTNAME=XX XX
_ModuleTable@@3_=N3V1ajZ6IixbImxvYWRPcmR1ciJdPTMscHT
vcFQ9e30sWyJzdGFOdXMiXTO1iYWNOaXZ1IixbInVzZXJOYWT |
11109ImludGVsLWIrbCIsfSxbImludGVsLWIwaSIdPXtbImZ
uIl@e9Ii9ibHV1cy9ncGZzL 2hvbWUvc29mdHdhecmUvc3BhY2s |
tMC4xMC4xL3NoYXJLIL3NwYWNrL2xtb2QvbGludXgtY2VudG9 |
zNy140DZfNjQvaW50ZWwvMTcuMC40L21udGVsLW1waS8yMDE |
3L jMtZGZwaHE2ay5sdWEiLFsiZnVsbEShbWUiXT01iaW50ZWw |
tbXBpLzIwMTcuMy1kZnBocTZrIixbImxvYWRPcmR1ciJdPTI
scHIvcFQ9e30sWyJzdGFOAXMiXTOiYWNOaXZ1IixbInVzZX]J
OYW11I109ImludGVsLWIwaSIsfSx9LGIwYXRoQT17Ii9ibHV
< lcy9IncGZzL2hvbWUvc29mdHdhecmUve3BhY2stMC4xMC4x
INTEL_LICENSE_FILE=28518@XXXX.XXXX . XXX .XXX
SHELL=/bin/bash

TERM=xterm-256color

HISTSIZE=1000

SSH_CLIENT=XXX.XXX.XXX.XXX 58670 22

TMPDIR=/scratch

LMOD_SYSTEM_DEFAULT_MODULES=StdEnv
LIBRARY_PATH=/blues/gpfs/home/software/spack-0.10.1/
< opt/spack/linux-centos7-x86_64/intel-17.0.4/inte
1-mk1-2017.3.196-v7uuj6zmthzln35n2hb7i5u5ybncv5e |
v/compilers_and_libraries_2017.4.196/1inux/tbb/1
ib/intel64_lin/gcc4.7:/blues/gpfs/home/software/
spack-0.10.1/opt/spack/linux-centos7-x86_64/inte
1-17.0.4/intel-mk1-2017.3.196-v7uuj6zmthzln35n2h
b7i5ubybncvbev/compilers_and_libraries_2017.4.19
6/linux/compiler/lib/intel64_lin:/blues/gpfs/hom
e/software/spack-0.10.1/opt/spack/linux-centos7-
x86_64/intel-17.0.4/intel-mk1-2017.3.196-v7uuj6z
mthz1ln35n2hb7i5u5ybnev5ev/compilers_and_librarie
S_2017.4.196/1inux/mk1l/1ib/intel64_lin:/blues/gp,
fs/home/software/spack-0.10.1/opt/spack/linux-ce
ntos7-x86_64/intel-17.0.4/intel-mk1-2017.3.196-v
7uuj6zmthzln35n2hb7i5u5ybnevbev/1ib: /blues/gpfs/
home/software/spack-0.10.1/opt/spack/linux-cento
s7-x86_64/gcc-4.8.5/intel-17.0.4-74uvhjiulyqggvsm
ywifbbuo46v5n42xc/tbb/1ib/intel64/gcc4.4:/blues/
gpfs/home/software/spack-0.10.1/opt/spack/linux-
centos7-x86_64/gcc-4.8.5/intel-17.0.4-74uvhjiuly
ggvsmywifbbuo46v5n42xc/lib/intel64

rrerr!
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LMOD_PKG=/blues/gpfs/home/software/spack-0.10.1/0pt/
— spack/linux-centos7-x86_64/gcc-4.8.5/1mod-7.4.9-,
— ic63herzfgw5u3na5mdtvp3nwxy60j2z/1mod/1mod
LMOD_VERSION=7.4.9

SSH_TTY=/dev/pts/0
MIC_LD_LIBRARY_PATH=/blues/gpfs/home/software/spack-
— 0.10.1/opt/spack/linux-centos7-x86_64/intel-17.0,
— .4/intel-mk1-2017.3.196-v7uuj6zmthzln35n2hb7i5u5
— ybncvbev/compilers_and_libraries_2017.4.196/1linu,
— x/mkl/1lib/intel64_lin_mic:/blues/gpfs/home/softw
— are/spack-0.10.1/opt/spack/linux-centos7-x86_64/
— intel-17.0.4/intel-mk1-2017.3.196-v7uuj6zmthzln3
— 5n2hb7i5u5ybncvb5ev/compilers_and_libraries_2017.
— 4.196/linux/compiler/lib/intel64_lin_mic:/blues/
— gpfs/home/software/spack-0.10.1/opt/spack/linux-
— centos7-x86_64/intel-17.0.4/intel-mk1-2017.3.196,
— =v7uuj6zmthzln35n2hb7i5uSybncv5ev/compilers_and_1
— ibraries_2017.4.196/1linux/tbb/lib/intel64_lin_mi
— c:/blues/gpfs/home/software/spack-0.10.1/opt/spa,
— ck/linux-centos7-x86_64/gcc-4.8.5/intel-17.0.4-7,
— 4uvhjiulyqgvsmywifbbuo46v5n42xc/tbb/1lib/mic:/blu
— es/gpfs/home/software/spack-0.10.1/opt/spack/1lin,
< ux-centos7-x86_64/gcc-4.8.5/intel-17.0.4-74uvhji
— ulyggvsmywifbbuo46v5n42xc/lib/mic

USER=USER

RIGHTS L1 N Hig

Liang, et al.

LS_COLORS=rs=0:di=38;5;27:1n=38;5;51:mh=44;38;5;15:p
— 1=40;38;5;11:50=38;5;13:d0=38;5;5:bd=48;5;232;38
;5;11:cd=48;5;232;38;5;3:0r=48;5;232;38;5;9:mi=0
5;48;5;232;38;5;15:5u=48;5;196,;38;5;15:5g=48;5;1
1;38;5;16:ca=48;5;196;38;5;226:tw=48;5;10;38;5;1,
6:0w=48;5;10;38;5;21:5t=48;5;21;38;5;15:ex=38;5; |
34:x.tar=38;5;9:%.tgz=38;5;9:*.arc=38;5;9:%.arj=
38;5;9:%.taz=38;5;9:%.1ha=38;5;9:%.124=38;5;9:*.
1zh=38;5;9:*%.1zma=38;5;9:%.t1z=38;5;9:*.txz=38;5
;9:%.t20=38;5;9:%.172=38;5;9:*%.21ip=38;5;9:%.2=38
;5;9:%.7=38;5;9:%.dz=38;5;9:%.g2z=38;5;9:%.1rz=38
;5;9:%.12=38;5;9:%.120=38;5;9:%.x2=38;5;9:%.bz2=)
38;5;9:%.bz=38;5;9:%.thz=38;5;9:*.tbz2=38;5;9:*. |
tz=38;5;9:%.deb=38;5;9:*.rpm=38;5;9:*.jar=38;5;9
tx.war=38;5;9:%.ear=38;5;9:%.sar=38;5;9:*%.rar=38
;5;9:%.al1z=38;5;9:*%.ace=38;5;9:%.200=38;5;9:%.cp
10=38;5;9:*%.72=38;5;9:%.rz=38;5;9:*.cab=38;5;9: %,
.Jpg=38;5;13:*.jpeg=38;5;13:x.gif=38;5;13:x.bmp=
38;5;13:%.pbm=38;5;13:%.pgm=38;5;13:%.ppm=38;5;1
3:%.tga=38;5;13:%.xbm=38;5;13:%.xpm=38;5;13:%.ti
f=38;5;13:%.tiff=38;5;13:%.png=38;5;13:%.svg=38; |
5;13:%.svgz=38;5;13:%.mng=38;5;13:%.pcx=38;5;13:
*.mov=38;5;13:%.mpg=38;5;13:%.mpeg=38;5;13:%.m2v
=38;5;13:%.mkv=38;5;13:%.webm=38;5;13:%.0gm=38;5
;13:%.mp4=38;5;13:%.mdv=38;5;13:%.mpdv=38;5;13:%
.vob=38;5;13:%.qt=38;5;13:%.nuv=38;5;13:%.wmv=38
;5;13:%.asf=38;5;13:%.rm=38;5;13:x.rmvb=38;5;13:
*.flc=38;5;13:%.avi=38;5;13:%.f1i=38;5;13:%.flv=
38;5;13:%.g1=38;5;13:%.d1=38;5;13:%.xcf=38;5;13:
*.xwd=38;5;13:%.yuv=38;5;13:%.cgm=38;5;13:x.emf=
38;5;13:%.axv=38;5;13:%.anx=38;5;13:%.0gv=38;5;1
3:%.0gx=38;5;13:%.aac=38;5;45:%.au=38;5;45:x.fla
c=38;5;45:%.mid=38;5;45:%x.midi=38;5;45:*.mka=38; |
5;45:%.mp3=38;5;45:%.mpc=38;5;45:%.0gg=38;5;45:%
.ra=38;5;45:x.wav=38;5;45:*%.axa=38;5;45:%.0ga=38 |
;5;45:%.spx=38;5;45:x.xspf=38;5;45:

L
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LD_LIBRARY_PATH=/blues/gpfs/home/software/spack-0.10,

—

—

L )

)

—

.1/opt/spack/linux-centos7-x86_64/intel-17.0.4/1i,
ntel-mk1-2017.3.196-v7uuj6zmthzln35n2hb7i5u5ybnc
v5ev/compilers_and_libraries_2017.4.196/1linux/tb
b/1lib/intel64_lin/gcc4.7:/blues/gpfs/home/softwa
re/spack-0.10.1/opt/spack/linux-centos7-x86_64/1
ntel-17.0.4/intel-mk1-2017.3.196-v7uuj6zmthzln35
n2hb7i5u5ybncv5ev/compilers_and_libraries_2017.4
.196/1inux/compiler/lib/intel64_lin:/blues/gpfs/
home/software/spack-0.10.1/opt/spack/linux-cento
s7-x86_64/intel-17.0.4/intel-mk1-2017.3.196-v7uu
j6zmthz1ln35n2hb7i5u5ybnecv5ev/compilers_and_libra
ries_2017.4.196/linux/mkl/1ib/intel64_lin:/blues
/gpfs/home/software/spack-0.10.1/opt/spack/linux
-centos7-x86_64/intel-17.0.4/intel-mk1-2017.3.196
-v7uuj6zmthzln35n2hb7i5u5ybnevsev/1lib: /blues/gpfs
/home/software/spack-0.10.1/opt/spack/linux-cent
0s7-x86_64/intel-17.0.4/intel-mpi-2017.3-dfphqbk
avje2olnichisvjjndtridrok/compilers_and_librarie
$_2017.4.196/1linux/mpi/mic/lib:/blues/gpfs/home/
software/spack-0.10.1/opt/spack/linux-centos7-x8
6_64/intel-17.0.4/intel-mpi-2017.3-dfphqg6kavje2o
Inichisvjjndtridrok/compilers_and_libraries_2017
.4.196/1inux/mpi/intel64/1ib:/blues/gpfs/home/so
ftware/spack-0.10.1/opt/spack/linux-centos7-x86_
64/gcc-4.8.5/intel-17.0.4-74uvhjiulyqgvsmywifbbu
046v5n42xc/tbb/1ib/intel64/gcc4.4:/blues/gpfs/ho
me/software/spack-0.10.1/opt/spack/linux-centos7
-x86_64/gcc-4.8.5/intel-17.0.4-74uvhjiulyqgvsmywi |
fbbuo46v5n42xc/lib/intel64

LMOD_MPI_NAME=intel-mpi
MIC_LIBRARY_PATH=/blues/gpfs/home/software/spack-0.1

—

—

Il

—

0.1/opt/spack/linux-centos7-x86_64/intel-17.0.4/
intel-mk1-2017.3.196-v7uuj6zmthzln35n2hb7i5u5ybn
cvbev/compilers_and_libraries_2017.4.196/1linux/m
kl/1lib/intel64_lin_mic:/blues/gpfs/home/software
/spack-0.10.1/opt/spack/linux-centos7-x86_64/int
el-17.0.4/intel-mk1-2017.3.196-v7uuj6zmthzln35n2
hb7i5u5ybncv5ev/compilers_and_libraries_2017.4.1
96/1linux/compiler/lib/intel64_lin_mic:/blues/gpf
s/home/software/spack-0.10.1/opt/spack/linux-cen
tos7-x86_64/intel-17.0.4/intel-mk1-2017.3.196-v7
uuj6zmthzln35n2hb7i5u5ybncv5ev/compilers_and_lib
raries_2017.4.196/1inux/tbb/1lib/intel64_lin_mic:
/blues/gpfs/home/software/spack-0.10.1/opt/spack
/linux-centos7-x86_64/gcc-4.8.5/intel-17.0.4-74u,
vhjiulyggvsmywifbbuo46v5n42xc/tbb/1lib/mic:/blues
/gpfs/home/software/spack-0.10.1/opt/spack/linux
-centos7-x86_64/gcc-4.8.5/intel-17.0.4-74uvhjiuly
ggvsmywifbbuo46v5n42xc/lib/mic

CPATH=/blues/gpfs/home/software/spack-0.10.1/opt/spa

RIGHTS

ck/linux-centos7-x86_64/intel-17.0.4/intel-mk1-2
017.3.196-v7uuj6zmthzln35n2hb7i5u5ybncv5ev/compi |
lers_and_libraries_2017.4.196/1inux/mkl/include:
/blues/gpfs/home/software/spack-0.10.1/opt/spack
/linux-centos7-x86_64/gcc-4.8.5/intel-17.0.4-74u,
vhjiulyggvsmywifbbuo46v5n42xc/tbb/include

Ay

_ModuleTable@04_=L3NoYXJ1L3NwYWNrL2xtb2QvbGludXgtY2V

L A

!

udG9zNy140DZfNjQvaW50ZWwtbXBpLzIwMTcuMy1kZnBocTZ |
rL21udGVsLzE3L jAUNCIsIi9ibHV1cy9ncGZzL 2hvbWUvc29 |
mdHdhcmUvc3BhY2stMC4xMC4xL3NoYXT1L3NwYWNrL2xtbh2Q
vbGludXgtY2VudG9zNy140DZfNjQvaW50ZWwvMTcuMC40Tiw |
iL2JsdWVzL2dwZnMvaG9tZS9zb270d2FyZS9zcGF jayowL JE |
wLjEvc2hhemUve3BhY2svbG1vZC9saW51eC1jZW50b3M3LXg |
4N182NC9Db3J1Iiwil 3NvZnQvYmVib3AvbWIkdWx1ZmlsZXM
iLCIvb3BOL2NyYXkvbWOkdWx1ZmlsZXMiLCIvb3BOL2NyYXk
vY3JheXB1L2R1ZmF 1bHQvbW9kdWx1ZmlsZXMilLCIvc29mdHd |
hecmUvY2VudG9zNy9zcGF jay9zaGFyZS9zcGF jay9sbWok

LMOD_FAMILY_MPI_VERSION=2017.3-dfphg6k
NLSPATH=/blues/gpfs/home/software/spack-0.10.1/0pt/s

—

—

L

!

pack/linux-centos7-x86_64/intel-17.0.4/intel-mkl
-2017.3.196-v7uuj6zmthzln35n2hb7i5uSybncv5ev/comp |
ilers_and_libraries_2017.4.196/1inux/mkl/1ib/int
el64_lin/locale/%1_%t/%N:/blues/gpfs/home/softwa
re/spack-0.10.1/opt/spack/linux-centos7-x86_64/g
cc-4.8.5/intel-17.0.4-74uvhjiulyqgvsmywifbbuo46v
5n42xc/compilers_and_libraries_2017.4.193/1linux/
compiler/lib/intel64/locale/%1_%t/%N

PATH=/blues/gpfs/home/software/spack-0.10.1/opt/spac

L

!

k/1linux-centos7-x86_64/intel-17.0.4/intel-mk1-20
17.3.196-v7uuj6ézmthz1ln35n2hb7i5u5ybnevsev/bin: /b
lues/gpf's/home/software/spack-0.10.1/opt/spack/1
inux-centos7-x86_64/intel-17.0.4/intel-mpi-2017.
3-dfphg6kavje2olnichisvjjndtridrok/compilers_and
_libraries_2017.4.196/1inux/mpi/intel64/bin:/blu
es/gpfs/home/software/spack-0.10.1/opt/spack/lin
ux-centos7-x86_64/gcc-4.8.5/intel-17.0.4-74uvhji
ulyggvsmywifbbuo46v5n42xc/bin:/usr/local/bin:/us
r/bin:/usr/local/sbin:/usr/sbin:/soft/xxxx/xxxx/
bin

MAIL=/var/spool/mail/USER
_ModuleTable@@1_=X01vZHVsSZVRhYmx1Xz17WyJNVHZ1cnNpb24 |

rrereorrrt

—

iXTOzLFsiY19yZWJ1aWxkVG1tZSIdPWZhbHNILFsiY19zaG9
ydFRpbWUiXT1mYWxzZSxkZXB@aFQ9e30sZmFtaWx5PXtbImN |
vbXBpbGVyI1@9ImludGVsIixbImlwaSJdPSIpbnR1bC1tcGk
iLHOsbVQ9e1NOZEVuUd]j17WyJImbiJdPSIvYmx1ZXMvZ3Bmcy9 |
0b211L3NvZnR3YXJ1L3NwYWNrLTAUMTAUMS9zaGFyZS9zcGF |
jay9sbWokL2xpbnV4LWN1bnRvczcteDg2XzYOLONvemUVU3R |
KRW52Lmx1YSIsWyJmdWxsTmFtZSJdPSITAGRFbnYiLFsibG9
hZE9yZGVyI1@9NCxwcmOwVD17fSxbInNOYXR1cyJdPSThY3R
pdmUiLFsidXN1ck5hbWUiXT@iU3RKRW52Iix9LGludGVsPXt |
bImZuIl@91i9ibHV1cy9IncGZzL2hvbWUvc29mdHdhemUv

_=/usr/bin/env
LMOD_SETTARG_CMD=:
PWD=/home/USER/codes/Author-Kit



_LMFILES_=/blues/gpfs/home/software/spack-0.10.1/sha,
— re/spack/lmod/linux-centos7-x86_64/Core/intel/17
— .0.4-74uvhji.lua:/blues/gpfs/home/software/spack
— =0.10.1/share/spack/1lmod/linux-centos7-x86_64/int
— el/17.0.4/intel-mpi/2017.3-dfphqg6k.lua:/blues/gp,
— fs/home/software/spack-0.10.1/share/spack/1lmod/1,
— inux-centos7-x86_64/intel/17.0.4/intel-mk1/2017.
« 3.196-v7uuj6z.lua:/blues/gpfs/home/software/spac
— k=0.10.1/share/spack/1mod/linux-centos7-x86_64/C,
— ore/StdEnv.lua
MODULEPATH=/blues/gpfs/home/software/spack-0.10.1/sh
— are/spack/1lmod/linux-centos7-x86_64/intel-mpi/20,
— 17.3-dfphg6k/intel/17.0.4:/blues/gpfs/home/softw
— are/spack-0.10.1/share/spack/1lmod/linux-centos7-
— x86_64/intel/17.0.4:/blues/gpfs/home/software/sp
— ack-0.10.1/share/spack/Imod/linux-centos7-x86_64,
— /Core:/soft/xxxx/modulefiles:/opt/cray/modulefil
— es:/opt/cray/craype/default/modulefiles:/softwar
— e/centos7/spack/share/spack/1lmod/linux-centos7-x
— 86_64/Core:/software/centos7/modulefiles
LOADEDMODULES=intel/17.0.4-74uvhji:intel-mpi/2017.3-,
— dfphg6k:intel-mk1/2017.3.196-v7uuj6z:StdEnv
_ModuleTable_Sz_=5
LMOD_CMD=/blues/gpfs/home/software/spack-0.10.1/opt/
— spack/linux-centos7-x86_64/gcc-4.8.5/1mod-7.4.9-
— 1ic63herzfgw5u3nabmdtvp3nwxy60j2z/1mod/1mod/libex
— ec/1lmod
_ModuleTable@05_=L2xpbnV4LWN1bnRvczcteDg2XzYOLONvemU |
— 1LCIvc29mdHdhcmUvY2VudG9zNy9tb2R1bGVmaWxlcyIsfSx
< bInN5c3R1bUJThc2VNUEFUSCIAPSIvYmx1ZXMvZ3Bmcy9ob21
—  1L3NvZnR3YXJIL3NwYWNrLTAuMTAuMS9zaGFyZS9zcGF jay9 |
—  sbW9kL2xpbnV4LWN1bnRvczcteDg2XzYOLONvemU6L3NvZNnQ |
—  vYmVib3AvbW9kdWx1ZmlsZXM6L29wdC9jcmF5L21vZHVSZWZ |
— pbGVz0i9vcHQVY3JheS9jcmF5cGUVZGVmMYXVsdCItb2R1bGY |
— maWxlczovc29mdHdhemUvY2VudG9zNy9zcGF jay9zaGFyZS9
« zcGF jay9sbW9kL2xpbnV4LWN1bnRvczcteDg2XzYOLONvemU |
—  B6L3NVZnR3YXJ1L2N1bnRvczcvbW9kdWx1ZmlsZXMiLHO=
HISTCONTROL=ignoredups

HOME=/home/USER

SHLVL=2
_ModuleTable@02_=c3BhY2stMC4XMCAXL3NOYXTIL3NWYWNrL2x |
—  tb2QvbGludXgtY2VudG9zNy140DZfNjQvQ29yZS9pbnR1bC8
—  xNy4wLjQtNzR1dmhgaS5sdWEiLFsiZnVsbEShbWUiXTOiaW5
—  QZWwvMTcuMC40LTcOdXZoamkilFsibGOhZE9yZGVyI1@9MSx
«  wcm9wVD17fSxbInNOYXR1cyJdPSThY3RpdmUiLFsidXN1ck5
— hbWUiXT@iaW50ZWwvMTcuMC40LTcOdXZoamkilLHOsWyJpbnR
— 1bC1ta2wiXT17WyJmbiJdPSIvYmx1ZXMvZ3Bmcy90ob211L3N
—  VZNR3YXJ1L3NwYWNrLTAuMTAuMS9zaGFyZS9zcGF jay9shbW9 |
— kL2xpbnV4LWN1bnRvczcteDg2XzYOL21udGVsLzE3L jAUNCY
— pbnR1bC1ta2wvMjAxNy4zL jESNi12N3V1ajZ6Lmx1YSIsWyJ
—  mdWxsTmFtZSJdPSJIpbnR1bC1ta2wvMjAxNy4zL jJESNi12
BASH_ENV=/blues/gpfs/home/software/spack-0.10.1/0pt/
— spack/linux-centos7-x86_64/gcc-4.8.5/1mod-7.4.9-,
— 1ic63herzfgw5u3naSmdtvp3nwxy60j2z/1mod/1mod/init/
— bash

LOGNAME=USER

RIGHTS LI L)

Liang, et al.

SSH_CONNECTION=XXX .XXX.XXX.XXX 58670 XXX.XXX.XXX.XXX
— 22
CLASSPATH=/blues/gpfs/home/software/spack-0.10.1/opt
— /spack/linux-centos7-x86_64/intel-17.0.4/intel-m
< pi-2017.3-dfphg6kavje2olnichisvjjndtridrok/compi
— lers_and_libraries_2017.4.196/linux/mpi/intel64/
— lib/mpi.jar
MODULESHOME=/blues/gpfs/home/software/spack-0.10.1/0
— pt/spack/linux-centos7-x86_64/gcc-4.8.5/1mod-7.4
— .9-ic63herzfgwbu3nabmdtvp3nwxy60j2z/1mod/1mod
LESSOPEN=| | /usr/bin/lesspipe.sh %s
__Init_Default_Modules=1
LMOD_MPI_VERSION=2017.3-dfphg6k
LMOD_FULL_SETTARG_SUPPORT=no
LMOD_FAMILY_COMPILER=intel
CMAKE_PREFIX_PATH=/blues/gpfs/home/software/spack-0.
— 10.1/opt/spack/linux-centos7-x86_64/intel-17.0.4,
— /intel-mk1-2017.3.196-v7uuj6zmthzln35n2hb7i5u5yb
— ncvbev:/blues/gpfs/home/software/spack-0.10.1/0p
— t/spack/linux-centos7-x86_64/gcc-4.8.5/intel-17.
— 0.4-74uvhjiulyqgvsmywifbbuo46v5n42xc
LMOD_DIR=/blues/gpfs/home/software/spack-0.10.1/0pt/
— spack/linux-centos7-x86_64/gcc-4.8.5/1mod-7.4.9-
«— 1c63herzfgwSu3nabSmdtvp3nwxy60j2z/1mod/1mod/libex
< ec

LMOD_FAMILY_MPI=intel-mpi
I_MPI_ROOT=/blues/gpfs/home/software/spack-0.10.1/0p
— t/spack/linux-centos7-x86_64/intel-17.0.4/intel-,
— mpi-2017.3-dfphg6kavje2olnichisvjjndtridrok/comp
— 1ilers_and_libraries_2017.4.196/1linux/mpi
BASH_FUNC_module()=() { eval $($LMOD_CMD bash "$@")
— && eval $(${LMOD_SETTARG_CMD:-:} -s sh)

}

BASH_FUNC_m1()=() { eval $($LMOD_DIR/ml_cmd "$@")

}

+ lsb_release -a

collect_environment.sh: line 10: lsb_release: command
— not found

+ uname -a

Linux bdw-0159 3.10.0-957.5.1.e17.x86_64 #1 SMP Fri
— Feb 1 14:54:57 UTC 2019 x86_64 x86_64 x86_64

—  GNU/Linux

+ lscpu

Architecture: x86_64

CPU op-mode(s): 32-bit, 64-bit
Byte Order: Little Endian
CPU(s): 36

On-line CPU(s) list: 0-35
Thread(s) per core: 1

Core(s) per socket: 18

Socket(s): 2

NUMA node(s): 2

Vendor ID: GenuineIntel
CPU family: 6

Model: 79
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RIGHTS

Model name: Intel(R) Xeon(R) CPU E5-2695 v4 PageTables: 10264 kB
— @ 2.10GHz NFS_Unstable: 0 kB
Stepping: 1 Bounce: 0 kB
CPU MHz: 2407.617 WritebackTmp: 0 kB
CPU max MHz: 3300.0000 CommitLimit: 65955708 kB
CPU min MHz: 1200.0000 Committed_AS: 1880648 kB
BogoMIPS: 4153.34 VmallocTotal: 34359738367 kB
Virtualization: VT-x VmallocUsed: 710948 kB
L1d cache: 32K VmallocChunk: 34291711180 kB
L1i cache: 32K HardwareCorrupted: 0 kB
L2 cache: 256K AnonHugePages: 1161216 kB
L3 cache: 46080K CmaTotal: 0 kB
NUMA node@ CPU(s): 0-17 CmaFree: 0 kB
NUMA nodel CPU(s): 18-35 HugePages_Total: Q
Flags: fpu vme de pse tsc msr pae mce HugePages_Free: )

< cx8 apic sep mtrr pge mca cmov pat pse36 clflush HugePages_Rsvd: 0

— dts acpi mmx fxsr sse sse2 ss ht tm pbe syscall nx HugePages_Surp: 0

— pdpelgb rdtscp 1m constant_tsc arch_perfmon pebs Hugepagesize: 2048 kB
< bts rep_good nopl xtopology nonstop_tsc DirectMap4k: 357752 kB
« aperfmperf eagerfpu pni pclmulqdg dtes64 monitor DirectMap2M: 23662592 kB
— ds_cpl vmx smx est tm2 ssse3 sdbg fma cx16 xtpr DirectMap1G: 112197632 kB

— pdcm pcid dca sse4_1 ssed4_2 x2apic movbe popcnt
— tsc_deadline_timer aes xsave avx f16c rdrand

— lahf_1lm abm 3dnowprefetch epb cat_13 cdp_13

— intel_ppin intel_pt ssbd ibrs ibpb stibp

— tpr_shadow vnmi flexpriority ept vpid fsgsbase
tsc_adjust bmil hle avx2 smep bmi2 erms invpcid
rtm cgm rdt_a rdseed adx smap xsaveopt cgm_llc
— cgm_occup_llc cgm_mbm_total cgm_mbm_local dtherm
— 1ida arat pln pts spec_ctrl intel_stibp flush_11d
+ cat /proc/meminfo

MemTotal: 131911416 kB
MemFree: 125514056 kB
MemAvailable: 125112424 kB
Buffers: 0 kB
Cached: 3356524 kB
SwapCached: 0 kB
Active: 501512 kB
Inactive: 167684 kB
Active(anon): 472016 kB
Inactive(anon): 130848 kB
Active(file): 29496 kB
Inactive(file): 36836 kB
Unevictable: 4207912 kB
Mlocked: 1048576 kB
SwapTotal: 0 kB
SwapFree: 0 kB
Dirty: 0 kB
Writeback: 0 kB
AnonPages: 1520700 kB
Mapped: 141116 kB
Shmem: 130856 kB
Slab: 387844 kB
SReclaimable: 202376 kB
SUnreclaim: 185468 kB
KernelStack: 22368 kB
7)Y

+ inxi -F -co

collect_environment.sh: line 14:

— found

+ 1sblk -a
NAME MAJ:
loopo 7:0
loop1 7:1
loop2 7:2
loop3 7:3
loop4 7:4
loop5 7:5
loop6 7:6
loop7 7:7
loop8 7:8
loop9 7:9
looplo 7:10
loop11 7:11
loop12 7:12
loop13  7:13
loop14 7:14
loop15 7:15
loopl6 7:16
loop17 7:17
loop18 7:18
loop19 7:19
loop20 7:20
loop21 7:21
loop22 7:22
loop23 7:23
loop24 7:24
loop25 7:25
loop26 7:26
loop27 7:27
loop28 7:28
loop29 7:29

0

(SIS EECSRRCSIGS IS B S S S A S AR S A B NS S N S S S B RS RGBS B S S S S AR Y

MIN RM SIZE RO

1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1

inxi:

TYPE MOUNTPOINT
loop
loop
loop
loop
loop
loop
loop
loop
loop
loop
loop
loop
loop
loop
loop
loop
loop
loop
loop
loop
loop
loop
loop
loop
loop
loop
loop
loop
loop
loop

command not



loop30 7:30 0 1 loop

loop31 7:31 0 1 loop

+ lsscsi -s

collect_environment.sh: line 16: lsscsi: command not
— found

+ module list

++ /blues/gpfs/home/software/spack-0.10.1/opt/spack/
— linux-centos7-x86_64/gcc-4.8.5/1mod-7.4.9-ic63he
— rzfgw5u3nabmdtvp3nwxy60j2z/1mod/1mod/libexec/1mo
— d bash

— list

Currently Loaded Modules:
1) intel/17.0.4-74uvhji  2)
— intel-mpi/2017.3-dfphgék  3)

— intel-mk1/2017.3.196-v7uuj6z 4) StdEnv

+ eval

— 'MODULEPATH="/blues/gpfs/home/software/spack-0.1,
— 0.1/share/spack/1lmod/linux-centos7-x86_64/intel-
— mpi/2017.3-dfphqg6k/intel/17.0.4:/blues/gpfs/home
— /software/spack-0.10.1/share/spack/1lmod/linux-ce
— ntos7-x86_64/intel/17.0.4:/blues/gpfs/home/softw,
— are/spack-0.10.1/share/spack/1lmod/linux-centos7-
— x86_64/Core:/soft/xxxx/modulefiles:/opt/cray/mod
— ulefiles:/opt/cray/craype/default/modulefiles: /s
— oftware/centos7/spack/share/spack/1lmod/linux-cen
— tos7-x86_64/Core:/software/centos7/modulefiles" ;"'
export 'MODULEPATH;' '_ModuleTable@@1_="X0@1vZHVsZVRh,
—  Ymx1Xz17WyJNVHZ1cnNpb24iXT@zLFsiY19yZWJ1aWxkVGlt
«  ZSJAPWZhbHNILFsiY19zaG9ydFRpbWUiXT1mYWxzZSxkZXB@
— aFQ9e30sZmFtaWx5PXtbImNvbXBpbGVyI1@9ImludGVsIixb
— ImlwaSJdPSJpbnR1bC1tcGkiLHOsbVQ9e1NOZEVuUd]17WyJm,
« biJdPSIvYmx1ZXMvZ3Bmcy9ob211L3NvZnR3YXJ1L3NwYWNr
— LTAUMTAuUMS9zaGFyZS9zcGF jay9sbW9kL2xpbnV4LWN1bnRyv
— czcteDg2XzYOLONvcmUVU3RKRWS2Lmx1YSIsWyIJmdWxsTmFt
« ZSJAPSJTAGRFbnYilLFsibGOhZE9yZGVyI109INCxwcmOwVD17
— fSxbInNOYXR1cyJdPSJhY3RpdmUiLFsidXN1ck5hbWUiXT@1
— U3RKRW52Iix9LGludGVsPXtbImZuIl09Ii9ibHV1lcy9ncGZz
— L2hvbWUvc29mdHdhcmUv" ;'

export '_ModuleTable@@1_;' '_ModuleTable@@2_="c3BhY2
. stMC4xMC4xL3NoYXJlL3NwYWNrL2xtb2vaG1ungtY2VudGJ
—  9zNy140DZfNjQvQ29yZS9pbnR1bC8xNy4wL jQtNzR1dmhqgas
— 5sdWEiLFsiZnVsbE5hbWUiXT@iaW50ZWwvMTcuMC40LTcodX
— ZoamkiLFsibG9hZE9yZGVyI1@9MSxwcmOwVD17fSxbInNOYX
— R1cyJdPSJhY3RpdmUiLFsidXN1ck5hbWUiXT@iaW50ZWwvMT |
< CUMC40LTc@dXZoamkilLH@sWyJpbnR1bC1ta2wiXT17WyJmbi
—  JdPSIvYmx1ZXMvZ3Bmcy90ob211L3NvZnR3YXJLIL3NWYWNrLT
— AUMTAUMS9zaGFyZS9zcGF jay9sbWIkL2xpbnV4LWN1bnRvcz |
— cteDg2XzYOL21udGVsLzE3LjAUNCIpbnR1bC1ta2wvMjAxNy |
— 4zLJE5Ni12N3V1ajzZ6Lmx1YSIsWyJImdWxsTmFtZSJdPSJIpbn
— R1bC1ta2wvMjAxNy4zLjE5Ni12";"

RIGHTS LI L)
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export '_ModuleTable@@2_;' '_ModuleTable@@3_="N3Viaj,
—  Z6IixbImxvYWRPcmR1ciJdPTMscHIvcFQ9e3@sWyJzdGFedX
MiXTOiYWNOaXZ1IixbInVzZXJOYW11I109ImludGVsLW1rbC
IsfSxbImludGVsLWIwaSJdPXtbImZuIl@9Ii9ibHV1cy9ncG
ZzL 2hvbWUvc29mdHdhemUve3BhY2stMC4xMC4xL3NoYXT1L3 |
NwYWNrL2xtb2QvbGludXgtY2VudG9zNy140DZfNjQvaW50ZW |
WVMTcuMC40L21udGYsLW1waS8yMDE 3L jMtZGZwaHE2ay5sdW |
EiLFsiZnVsbEShbWUiXT@iaW50ZWwtbXBpLzIwMTcuMy1kZn
BocTZrIixbImxvYWRPcmR1ciJdPTIscHIvcFQ9e30sWyJzdG
FOAXMiXTOiYWNOaXZ1IixbInVzZXJOYW11I109ImludGVsLW
TwaSIsfSxILGTIwYXRoQT17Ii9ibHV1cy9ncGZzL2hvbWUvce2 |
— 9mdHdhcmUvc3BhY2stMC4xMC4x" ;!
export '_ModuleTable0@@3_;'
'_ModuleTable@@4_="L3NoYXJ1L3NwYWNrL2xtb2QvbGludXgt
—  Y2VudG9zNy140DZfNjQvaW50ZWwtbXBpLzIwMTcuMy1kZnB |
— 0cTZrL21udGVsLzE3L jAUNCIsIi9ibHV1cy9ncGZzL2hvbW
—  Uvc29mdHdhcmUvc3BhY2stMC4xMC4xL3NoYXT1L3NwYWNrL |
—  2xtb2QvbGludXgtY2VudG9zNy140DZfNjQvaW50ZWwvMTcu |
— MC40Iiwil2JsdWVzL2dwZnMvaG9tZS9zb270d2FyZS9zcGF |
— JjayewLjEwLjEvc2hhcmUvc3BhY2svbG1vZC9saW51eC1jZW
—  50b3M3LXg4N182NCIDb3J1Iiwil 3NvZnQvYmVib3AvbWIkd |
—  Wx1ZmlsZXMiLCIvb3BOL2NyYXkvbWOkdWx1ZmlsZXMiLCIv
— b3BOL2NyYXkvY3JheXB1L2R1ZmF 1bHQvbWIkdWx1ZmlsZXM
— 1LCIvc29mdHdhcmUvY2VudG9zNy9zcGF jay9zaGFyZS9zcG
— Fjay9sbwok";'
export '_ModuleTable@@4_;' '_ModuleTable@@5_="L2xpbn
— VALWNlbnRvczcteDg2XzYOLONvcmUiLCIvc29mdHdhemUvY2 |
VudG9zNy9tb2R1bGVmaWx1cyIsfSxbInN5c3R1bUThc2VNUE |
FUSCIdPSIvYmx1ZXMvZ3Bmcy9ob211L3NvZnR3YXJTIL3NwYW
NrLTAUMTAuMS9zaGFyZS9zcGF jay9sbWIkL2xpbnV4LWN1bn |
RvczcteDg2XzYOLONvemU6L 3NvZnQvYmVib3AvbWOkdWx1Zm
1sZXM6L29wdC9jcmF5L21vZHVsZWZpbGVz0i9vcHQvY3JheS
9jcmF5cGUVZGVmYXVsdC9tb2R1bGVmaWx1czovec29mdHdhem
UvY2VudG9zNy9zcGF jay9zaGFyZS9zcGF jay9sbWokL 2xpbn |
V4LWN1bnRvczcteDg2XzYOLONvemUEL3NVZnR3YXJ1L2N1bn |
RvczcvbW9kdWx1ZmlsZXMiLHoO=" ;"
export ' _ModuleTable@05_;' '_ModuleTable_Sz_="5";'
export ‘_ModuleTable_Sz_;'
++ MODULEPATH=/blues/gpfs/home/software/spack-0.10.1
/share/spack/1mod/linux-centos7-x86_64/intel-mpi
/2017 .3-dfphg6k/intel/17.0.4:/blues/gpfs/home/so
ftware/spack-0.10.1/share/spack/1lmod/linux-cento
s7-x86_64/intel/17.0.4:/blues/gpfs/home/software
/spack-0.10.1/share/spack/1lmod/linux-centos7-x86
_64/Core:/soft/xxxx/modulefiles:/opt/cray/module
files:/opt/cray/craype/default/modulefiles:/soft
ware/centos7/spack/share/spack/lmod/linux-centos
7-x86_64/Core:/software/centos7/modulefiles
export MODULEPATH

L

L L A A

L

+
+
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++

RIGHTS

_ModuleTable@01_=X01vZHVsZVRhYmx1Xz17WyJINVHZ1cnNp |
b24iXTOzLFsiY19yZWJ1aWxkVG1tZSJdPWZhbHN1LFsiY19z
aG9ydFRpbWUiXT1mYWxzZSxkZXB0aFQ9e30sZmF taWx5PXtb
ImNvbXBpbGVyI109ImludGYsIixbImlwaSIJdPSIpbnR1bC1t
cGkilLHOsbVQ9eT1NOZEVudj17WyJImbiJdPSIvYmx1ZXMvZ3Bm
cy90b211L3NvZnR3YXJ1L3NwWYWNrLTAUMTAUMS9zaGFyZS9z |
cGF jay9sbW9kL2xpbnV4LWN1bnRvczcteDg2XzYOLONvemUy |
U3RKRW52Lmx1YSIsWyImdWxsTmFtZSJdPSITAGRFbnYilLFsi |
bGOhZE9yZGVyI109INCxwecmIwVD17fSxbInNOYXR1cyJdPSTh
Y3RpdmUiLFsidXN1ck5hbWUiXT@iU3RKRW52Iix9LGLludGVs
PXtbImZuIl@9Ii9ibHV1cy9ncGZzL2hvbWUvc29mdHdhcmUv

export _ModuleTable@@l_

_ModuleTable@02_=c3BhY2stMC4xMC4xL3NoYXT1L3NwYWNr
L2xtb2QvbGludXgtY2VudG9zNy140DZfNjQvQ29yZS9pbnR1 |
bC8xNy4wLjQtNzR1dmhgaS5sdWEiLFsiZnVsbEShbWUiXT0Q1 |
aW50ZWwvMTcuMC40LTc@dXZoamkilLFsibGOhZE9yZGVyIl@9
MSxwecm9wVD17fSxbInNOYXR1cyJdPSThY3RpdmUiLFsidXNI
ck5hbWUiXT01iaW50ZWwvMTcuMC40LTc@dXZoamkilLHOsWyJp |
bnR1bC1ta2wiXT17WyJImbiJdPSIvYmx1ZXMvZ3Bmcy9ob211
L3NvZnR3YXJLL3NwYWNrLTAUMTAUMS9zaGFyZS9zcGF jay9s |
bWIKL2xpbnV4LWN1bnRvczcteDg2XzYOL21udGVsLzE3L jAu
NC9pbnR1bC1ta2wvMjAxNy4zL jJESNi12N3V1ajZ6Lmx1YSIs
Wy ImdWxsTmFtZSJdPSJIpbnR1bC1ta2wvMjAxNy4zL jJESNi12

export _ModuleTable0@2_

_ModuleTable@03_=N3V1ajz6IixbImxvYWRPcmR1ciJdPTMs
cHIvcFQ9e30sWyJzdGFOdXMiXTOiYWN@aXZ1IixbInVzZXJO0
YW11I109ImludGVsLWIrbCIsfSxbImludGVsLWIwaSJdPXtb
ImZuIl@9Ii9ibHV1cy9IncGZzL2hvbWUvc29mdHdhcmUve3Bh
Y2stMC4xMC4xL3NoYXJLIL3NwYWNrL2xtb2QvbGludXgtY2Vu
dG9zNy140DZfNjQvaW50ZWwvMTcuMC40L21udGVsLW1waS8y |
MDE3L jMtZGZwaHE2ay5sdWEiLFsiZnVsbEShbWUiXT@1iaW5@
ZWwtbXBpLzIwMTcuMy1kZnBocTZrIixbImxvYWRPcmR1ciJd
PTIscHIvcFQ9e30sWyJzdGF@dXMiXT@iYWN@aXZ1IixbInVz
ZXJOYW11I109ImludGVsLW1waSIsfSx9LGTwYXRoQT17Ii91i
bHV1cy9ncGZzL 2hvbWUvc29mdHdhcmUvc3BhY2stMC4xMC4x

export _ModuleTable@@3_

_ModuleTable@04_=L3NoYXJ1L3NwYWNrL2xtb2QvbGludXgt
Y2VudG9zNy140DZfNjQvaW50ZWwtbXBpLzIwMTcuMy1kZnBo
cTZrL21ludGVsLzE3LJAuNCIsIi9ibHV1cy9ncGZzL2hvbWUy |
c29mdHdhcmUvc3BhY2stMC4xMC4xL3NoYXT1L3NwYWNrL2xt |
b2QvbGludXgtY2VudG9zNy140DZfNjQvaW50ZWwvMTcuMC40 |
Tiwil2JsdWVzL2dwZnMvaG9tZS9zb270d2FyZS9zcGF jayow
LjEwL jEvc2hhcmUvc3BhY2svbG1vZC9saW51eC13ZW50b3M3 |
LXg4N182NCIDb3J1Iiwil 3NVZnQvYmVib3AvbWIkdWx1Zmls
ZXMiLCIvb3BOL2NyYXkvbWokdWx1ZmlsZXMiLCIvb3BOL2Ny
YXkvY3JheXB1L2R1ZmF1bHQvbWIkdWx1ZmlsZXMiLCIvc29m
dHdhcmUvY2VudG9zNy9zcGF jay9zaGFyZS9zcGF jay9sbWok

export _ModuleTable@@4_

Ay

+
+

_ModuleTable@05_=L2xpbnV4LWN1bnRvczcteDg2XzYOLONV |
cmUiLCIvc29mdHdhemUvY2VudG9zNy9tb2R1bGVmaWxlcyIs |
fSxbINN5c3R1bUThc2VNUEFUSCIAPSIvYmx1ZXMvZ3Bmecy90
b211L3NVZnR3YXJ1L3NwWYWNrLTAUMTAUMS9zaGFyZS9zcGFj |
ay9sbW9kL2xpbnV4LWN1bnRvczcteDg2XzYOLONvemUGL 3Ny |
ZnQvYmVib3AvbWOkdWx1ZmlsZXM6L29wdCOjcmF5L21vZHVs |
ZWZpbGVz0i9vcHQVY3JTheS9jcmF5cGUVZGVmMYXVsdCItb2RT
bGVmaWx1czovc29mdHdhemUvY2VudG9zNy9zcGF jay9zaGFy |
Z59zcGF jay9sbWIkL2xpbnV4LWN1bnRvczcteDg2XzYOLONv |
cmU6L3NVZnR3YXJ1L2N1bnRvczcvbWIOkdWx1ZmlsZXMiLHO=

++ export _ModuleTable@@5_

++ _ModuleTable_Sz_=5

++ export _ModuleTable_Sz_

++ : -s sh

+ eval

+ nvidia-smi

collect_environment.sh: line 18:
— not found

+ cat

+ lshw -short -quiet -sanitize

WARNING: you should run this program as super-user.

L

nvidia-smi: command

H/W path Device Class Description
system Computer

/0 bus Motherboard

/0/0 memory 128GiB System

— memory

/0/1 processor Intel(R)

— Xeon(R) CPU E5-2695 v4 @ 2.10GHz

/0/2 processor Intel(R)

— Xeon(R) CPU E5-2695 v4 @ 2.10GHz

/0/100 bridge Xeon E7 v4/Xeon

— E5 v4/Xeon E3 v4/Xeon D DMI2
/0/100/1 bridge

Xeon E7 v4/Xeon

— E5 v4/Xeon E3 v4/Xeon D PCI Express Root Port 1

/0/100/2 bridge

Xeon E7 v4/Xeon

— E5 v4/Xeon E3 v4/Xeon D PCI Express Root Port 2

/0/100/2/0 ibo network
— Silicon 100 Series [discrete]
/0/100/3 bridge

Omni-Path HFI

Xeon E7 v4/Xeon

— E5 v4/Xeon E3 v4/Xeon D PCI Express Root Port 3

/0/100/4 generic Xeon E7 v4/Xeon
— E5 v4/Xeon E3 v4/Xeon D Crystal Beach DMA Channel
— 0

/0/100/4.1 generic Xeon E7 v4/Xeon

— E5 v4/Xeon E3 v4/Xeon D Crystal Beach DMA Channel

- 1

/0/100/4.2 generic Xeon E7 v4/Xeon
— E5 v4/Xeon E3 v4/Xeon D Crystal Beach DMA Channel
“— 2

/0/100/4.3 generic Xeon E7 v4/Xeon
— E5 v4/Xeon E3 v4/Xeon D Crystal Beach DMA Channel
- 3

/0/100/4.4 generic Xeon E7 v4/Xeon

— E5 v4/Xeon E3 v4/Xeon D Crystal Beach DMA Channel

- 4
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/0/100/4.5 generic Xeon E7 v4/Xeon
— E5 v4/Xeon E3 v4/Xeon D Crystal Beach DMA Channel
- 5

/0/100/4.6 generic Xeon E7 v4/Xeon
— E5 v4/Xeon E3 v4/Xeon D Crystal Beach DMA Channel
- 6

/0/100/4.7 generic Xeon E7 v4/Xeon
— E5 v4/Xeon E3 v4/Xeon D Crystal Beach DMA Channel
- 7

/0/100/5 generic Xeon E7 v4/Xeon

— E5 v4/Xeon
— Management

E3 v4/Xeon D Map/VTd_Misc/System

/0/100/5.1 generic Xeon E7 v4/Xeon
— E5 v4/Xeon E3 v4/Xeon D IIO Hot Plug

/0/100/5.2 generic Xeon E7 v4/Xeon
— E5 v4/Xeon E3 v4/Xeon D IIO RAS/Control

— Status/Global Errors

/0/100/5.4 generic Xeon E7 v4/Xeon
— E5 v4/Xeon E3 v4/Xeon D I/0 APIC

/0/100/11 generic C610/X99 series
— chipset SPSR

/0/100/11.4 storage C610/X99

— series chipset sSATA Controller [AHCI mode]

/0/100/16 communication C610/X99
— series chipset MEI Controller #1
/0/100/16.1 communication C610/X99

— series chipset MEI Controller #2

/0/100/1a bus C610/X99 series
— chipset USB Enhanced Host Controller #2

/0/100/1c bridge C610/X99 series
— chipset PCI Express Root Port #1

/0/100/1c.3 bridge C610/X99

— series chipset PCI Express Root Port #4

/0/100/1c.3/0 display MGA G200e
— [Pilot] ServerEngines (SEP1)
/0/100/1c.4 bridge C610/X99

— series chipset PCI Express Root Port #5

/0/100/1c.4/0 enol network 1350 Gigabit
— Network Connection

/0/100/1c.4/@0.1 eno2 network 1350 Gigabit
— Network Connection

/0/100/1d bus C610/X99 series

— chipset USB Enhanced Host Controller #1

/0/100/1f bridge C610/X99 series
— chipset LPC Controller

/0/100/1f.2 storage C610/%X99

— series chipset 6-Port SATA Controller [AHCI mode]
/0/100/1f.3 bus C610/X99 series
— chipset SMBus Controller

/0/3 generic

— E5 v4/Xeon E3 v4/Xeon D QPI Link @
/0/6 generic

— E5 v4/Xeon E3 v4/Xeon D QPI Link @
/0/7 generic

— E5 v4/Xeon E3 v4/Xeon D QPI Link @

Xeon E7 v4/Xeon
Xeon E7 v4/Xeon

Xeon E7 v4/Xeon

Ay

/0/8
— E5
/0/9
— E5
/0/a
— E5
/0/b
— E5
/0/c
— E5
/e/d
— E5
/0/e
— E5
/0/f
— E5
/0/10
— E5
/0/11
— E5
/0/12
— E5
/0/13
— E5
/0/14
— E5
/0/15
— E5
/0/16
— E5
/0/17
— E5
/0/18
— E5
/0/19
— E5
/0/1a
— E5
/0/1b
— E5
/0/1c
— E5
/0/1d
— E5
/0/1e
— E5
/0/1f
— E5
/0/20
— E5
/0/21
— E5
/0/22
— E5

v4/Xeon

v4/Xeon

v4/Xeon

v4/Xeon

v4/Xeon

v4/Xeon

v4/Xeon

v4/Xeon

v4/Xeon

v4/Xeon

v4/Xeon

v4/Xeon

v4/Xeon

v4/Xeon

v4/Xeon

v4/Xeon

v4/Xeon

v4/Xeon

v4/Xeon

v4/Xeon

v4/Xeon

v4/Xeon

v4/Xeon

v4/Xeon

v4/Xeon

v4/Xeon

v4/Xeon

E3

E3

E3

E3

E3

E3

E3

E3

E3

E3

E3

E3

E3

E3

E3

E3

E3

E3

E3

E3

E3

E3

E3

E3

E3

E3

E3

Liang, et al.

generic Xeon E7
v4/Xeon D QPI Link 1
generic Xeon E7
v4/Xeon D QPI Link 1
generic Xeon E7
v4/Xeon D QPI Link 1
generic Xeon E7
v4/Xeon D R3 QPI Link @/1
generic Xeon E7
v4/Xeon D R3 QPI Link @/1
generic Xeon E7
v4/Xeon D R3 QPI Link 0/1
generic Xeon E7
v4/Xeon D R3 QPI Link Debug
generic Xeon E7
v4/Xeon D Caching Agent
generic Xeon E7
v4/Xeon D Caching Agent
generic Xeon E7
v4/Xeon D Caching Agent
generic Xeon E7
v4/Xeon D Caching Agent
generic Xeon E7
v4/Xeon D Caching Agent
generic Xeon E7
v4/Xeon D Caching Agent
generic Xeon E7
v4/Xeon D Caching Agent
generic Xeon E7
v4/Xeon D Caching Agent
generic Xeon E7
v4/Xeon D Caching Agent
generic Xeon E7
v4/Xeon D Caching Agent
generic Xeon E7
v4/Xeon D Caching Agent
generic Xeon E7
v4/Xeon D Caching Agent
generic Xeon E7
v4/Xeon D Caching Agent
generic Xeon E7
v4/Xeon D Caching Agent
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/0/23 generic Xeon E7 v4/Xeon
— E5 v4/Xeon E3 v4/Xeon D Caching Agent

/0/24 generic Xeon E7 v4/Xeon
— E5 v4/Xeon E3 v4/Xeon D Caching Agent

/0/25 generic Xeon E7 v4/Xeon
— E5 v4/Xeon E3 v4/Xeon D Caching Agent

/0/26 generic Xeon E7 v4/Xeon
— E5 v4/Xeon E3 v4/Xeon D Caching Agent

/0/27 generic Xeon E7 v4/Xeon
— E5 v4/Xeon E3 v4/Xeon D Caching Agent

/0/28 generic Xeon E7 v4/Xeon
— E5 v4/Xeon E3 v4/Xeon D R2PCIe Agent

/0/29 generic Xeon E7 v4/Xeon
— E5 v4/Xeon E3 v4/Xeon D R2PCIe Agent

/0/2a generic Xeon E7 v4/Xeon
— E5 v4/Xeon E3 v4/Xeon D Ubox

/0/2b generic Xeon E7 v4/Xeon
— E5 v4/Xeon E3 v4/Xeon D Ubox

/0/2c generic Xeon E7 v4/Xeon
— E5 v4/Xeon E3 v4/Xeon D Ubox

/0/2d generic Xeon E7 v4/Xeon
— E5 v4/Xeon E3 v4/Xeon D Home Agent @

/0/2e generic Xeon E7 v4/Xeon
— E5 v4/Xeon E3 v4/Xeon D Home Agent @

/0/2f generic Xeon E7 v4/Xeon
— E5 v4/Xeon E3 v4/Xeon D Home Agent 1

/0/30 generic Xeon E7 v4/Xeon
— E5 v4/Xeon E3 v4/Xeon D Home Agent 1

/0/31 generic Xeon E7 v4/Xeon

— E5 v4/Xeon E3 v4/Xeon D Memory Controller @ -

— Target Address/Thermal/RAS

/0/32 generic Xeon E7 v4/Xeon
— E5 v4/Xeon E3 v4/Xeon D Memory Controller @ -

— Target Address/Thermal/RAS

/0/33 generic Xeon E7 v4/Xeon
— E5 v4/Xeon E3 v4/Xeon D Memory Controller @ -

— Channel Target Address Decoder

/0/34 generic Xeon E7 v4/Xeon
— E5 v4/Xeon E3 v4/Xeon D Memory Controller @ -

— Channel Target Address Decoder

/0/35 generic Xeon E7 v4/Xeon
— E5 v4/Xeon E3 v4/Xeon D DDRIO Channel 0/1

— Broadcast

/0/36 generic Xeon E7 v4/Xeon
— E5 v4/Xeon E3 v4/Xeon D DDRIO Global Broadcast
/0/37 generic Xeon E7 v4/Xeon

— E5 v4/Xeon E3 v4/Xeon D Memory Controller @ -

— Channel @ Thermal Control

/0/38 generic Xeon E7 v4/Xeon
— E5 v4/Xeon E3 v4/Xeon D Memory Controller @ -

— Channel 1 Thermal Control

/0/39 generic Xeon E7 v4/Xeon
— E5 v4/Xeon E3 v4/Xeon D Memory Controller @ -

— Channel @ Error
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/0/3a generic Xeon E7 v4/Xeon
— E5 v4/Xeon E3 v4/Xeon D Memory Controller @ -

— Channel 1 Error

/0/3b generic Xeon E7 v4/Xeon
— E5 v4/Xeon E3 v4/Xeon D DDRIO Channel 0/1

— Interface

/0/3c generic Xeon E7 v4/Xeon
— E5 v4/Xeon E3 v4/Xeon D DDRIO Channel 0/1

— Interface

/0/3d generic Xeon E7 v4/Xeon
— E5 v4/Xeon E3 v4/Xeon D DDRIO Channel 0/1

— Interface

/0/3e generic Xeon E7 v4/Xeon
— E5 v4/Xeon E3 v4/Xeon D DDRIO Channel 0/1

— Interface

/0/3f generic Xeon E7 v4/Xeon
— E5 v4/Xeon E3 v4/Xeon D Target Address/Thermal/RAS
/0/40 generic Xeon E7 v4/Xeon
— E5 v4/Xeon E3 v4/Xeon D Target Address/Thermal/RAS
/0/41 generic Xeon E7 v4/Xeon
— E5 v4/Xeon E3 v4/Xeon D Channel Target Address

— Decoder

/0/42 generic Xeon E7 v4/Xeon
— E5 v4/Xeon E3 v4/Xeon D Channel Target Address

— Decoder

/0/43 generic Xeon E7 v4/Xeon
— E5 v4/Xeon E3 v4/Xeon D DDRIO Channel 2/3

— Broadcast

/0/44 generic Xeon E7 v4/Xeon
— E5 v4/Xeon E3 v4/Xeon D DDRIO Global Broadcast
/0/45 generic Xeon E7 v4/Xeon

— E5 v4/Xeon E3 v4/Xeon D Memory Controller 1 -

— Channel @ Thermal Control

/0/46 generic Xeon E7 v4/Xeon
— E5 v4/Xeon E3 v4/Xeon D Memory Controller 1 -

— Channel 1 Thermal Control

/0/47 generic Xeon E7 v4/Xeon
— E5 v4/Xeon E3 v4/Xeon D Memory Controller 1 -

— Channel @ Error

/0/48 generic Xeon E7 v4/Xeon
— E5 v4/Xeon E3 v4/Xeon D Memory Controller 1 -

— Channel 1 Error

/0/49 generic Xeon E7 v4/Xeon
— E5 v4/Xeon E3 v4/Xeon D DDRIO Channel 2/3

— Interface

/0/4a generic Xeon E7 v4/Xeon
— E5 v4/Xeon E3 v4/Xeon D DDRIO Channel 2/3

— Interface

/0/4b generic Xeon E7 v4/Xeon
— E5 v4/Xeon E3 v4/Xeon D DDRIO Channel 2/3

— Interface

/0/4c generic Xeon E7 v4/Xeon
— E5 v4/Xeon E3 v4/Xeon D DDRIO Channel 2/3

— Interface

/0/4d generic Xeon E7 v4/Xeon
— E5 v4/Xeon E3 v4/Xeon D Power Control Unit



/0/4e
— Eb5
/0/4f
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/0/50
— Eb5
/0/51

— E5
/0/52
— E5
/0/53
— E5
/0/4

“— 0
/0/4.1

/0/4.2

- 2
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- 3
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- 4
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“— 5
/0/4.6

- 6
/0/4.7
— E5
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generic
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generic
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generic
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generic
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generic
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generic
v4/Xeon D Crystal

generic
v4/Xeon D Crystal

generic
v4/Xeon D Map/VTd_
generic
v4/Xeon D IIO
generic
v4/Xeon D IIO
Errors
generic
v4/Xeon D I/0
generic
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Xeon E7 v4/Xeon

v4/Xeon D QPI Link 1

generic
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generic
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/0/73 generic Xeon E7 v4/Xeon
— E5 v4/Xeon E3 v4/Xeon D Caching Agent

/0/74 generic Xeon E7 v4/Xeon
— E5 v4/Xeon E3 v4/Xeon D Caching Agent

/0/75 generic Xeon E7 v4/Xeon
— E5 v4/Xeon E3 v4/Xeon D Caching Agent

/0/76 generic Xeon E7 v4/Xeon
— E5 v4/Xeon E3 v4/Xeon D Caching Agent

/0/77 generic Xeon E7 v4/Xeon
— E5 v4/Xeon E3 v4/Xeon D R2PCIe Agent

/0/78 generic Xeon E7 v4/Xeon
— E5 v4/Xeon E3 v4/Xeon D R2PCIe Agent

/0/79 generic Xeon E7 v4/Xeon
— E5 v4/Xeon E3 v4/Xeon D Ubox

/0/7a generic Xeon E7 v4/Xeon
— E5 v4/Xeon E3 v4/Xeon D Ubox

/0/7b generic Xeon E7 v4/Xeon
— E5 v4/Xeon E3 v4/Xeon D Ubox

/0/7c generic Xeon E7 v4/Xeon
— E5 v4/Xeon E3 v4/Xeon D Home Agent @

/0/7d generic Xeon E7 v4/Xeon
— E5 v4/Xeon E3 v4/Xeon D Home Agent @

/0/7e generic Xeon E7 v4/Xeon
— E5 v4/Xeon E3 v4/Xeon D Home Agent 1

/0/7f generic Xeon E7 v4/Xeon
— E5 v4/Xeon E3 v4/Xeon D Home Agent 1

/0/80 generic Xeon E7 v4/Xeon

— E5 v4/Xeon E3 v4/Xeon D Memory Controller @ -

— Target Address/Thermal/RAS

/0/81 generic Xeon E7 v4/Xeon
— E5 v4/Xeon E3 v4/Xeon D Memory Controller @ -

— Target Address/Thermal/RAS

/0/82 generic Xeon E7 v4/Xeon
— E5 v4/Xeon E3 v4/Xeon D Memory Controller @ -

— Channel Target Address Decoder

/0/83 generic Xeon E7 v4/Xeon
— E5 v4/Xeon E3 v4/Xeon D Memory Controller @ -

— Channel Target Address Decoder

/0/84 generic Xeon E7 v4/Xeon
— E5 v4/Xeon E3 v4/Xeon D DDRIO Channel 0/1

— Broadcast

/0/85 generic Xeon E7 v4/Xeon
— E5 v4/Xeon E3 v4/Xeon D DDRIO Global Broadcast
/0/86 generic Xeon E7 v4/Xeon

— E5 v4/Xeon E3 v4/Xeon D Memory Controller @ -

— Channel @ Thermal Control

/0/87 generic Xeon E7 v4/Xeon
— E5 v4/Xeon E3 v4/Xeon D Memory Controller @ -

— Channel 1 Thermal Control

/0/88 generic Xeon E7 v4/Xeon
— E5 v4/Xeon E3 v4/Xeon D Memory Controller @ -

— Channel @ Error

/0/89 generic Xeon E7 v4/Xeon
— E5 v4/Xeon E3 v4/Xeon D Memory Controller @ -

— Channel 1 Error
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/0/8a generic Xeon E7 v4/Xeon
— E5 v4/Xeon E3 v4/Xeon D DDRIO Channel 0/1

— Interface

/0/8b generic Xeon E7 v4/Xeon
— E5 v4/Xeon E3 v4/Xeon D DDRIO Channel 0/1

— Interface

/0/8c generic Xeon E7 v4/Xeon
— E5 v4/Xeon E3 v4/Xeon D DDRIO Channel 0/1

— Interface

/0/8d generic Xeon E7 v4/Xeon
— E5 v4/Xeon E3 v4/Xeon D DDRIO Channel 0/1

— Interface

/0/8e generic Xeon E7 v4/Xeon
— E5 v4/Xeon E3 v4/Xeon D Target Address/Thermal/RAS
/0/8f generic Xeon E7 v4/Xeon
— E5 v4/Xeon E3 v4/Xeon D Target Address/Thermal/RAS
/0/90 generic Xeon E7 v4/Xeon
— E5 v4/Xeon E3 v4/Xeon D Channel Target Address

— Decoder

/0/91 generic Xeon E7 v4/Xeon
— E5 v4/Xeon E3 v4/Xeon D Channel Target Address

— Decoder

/0/92 generic Xeon E7 v4/Xeon
— E5 v4/Xeon E3 v4/Xeon D DDRIO Channel 2/3

— Broadcast

/0/93 generic Xeon E7 v4/Xeon
— E5 v4/Xeon E3 v4/Xeon D DDRIO Global Broadcast
/0/94 generic Xeon E7 v4/Xeon

— E5 v4/Xeon E3 v4/Xeon D Memory Controller 1 -

— Channel @ Thermal Control

/0/95 generic Xeon E7 v4/Xeon
— E5 v4/Xeon E3 v4/Xeon D Memory Controller 1 -

— Channel 1 Thermal Control

/0/96 generic Xeon E7 v4/Xeon
— E5 v4/Xeon E3 v4/Xeon D Memory Controller 1 -

— Channel @ Error

/0/97 generic Xeon E7 v4/Xeon
— E5 v4/Xeon E3 v4/Xeon D Memory Controller 1 -

— Channel 1 Error

/0/98 generic Xeon E7 v4/Xeon
— E5 v4/Xeon E3 v4/Xeon D DDRIO Channel 2/3

— Interface

/0/99 generic Xeon E7 v4/Xeon
— E5 v4/Xeon E3 v4/Xeon D DDRIO Channel 2/3

— Interface

/0/9a generic Xeon E7 v4/Xeon
— E5 v4/Xeon E3 v4/Xeon D DDRIO Channel 2/3

— Interface

/0/9b generic Xeon E7 v4/Xeon
— E5 v4/Xeon E3 v4/Xeon D DDRIO Channel 2/3

— Interface

/0/9c generic Xeon E7 v4/Xeon
— E5 v4/Xeon E3 v4/Xeon D Power Control Unit
/0/9d generic Xeon E7 v4/Xeon

— E5 v4/Xeon E3 v4/Xeon D Power Control Unit
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/0/9e generic Xeon E7 v4/Xeon
— E5 v4/Xeon E3 v4/Xeon D Power Control Unit

/0/9f generic Xeon E7 v4/Xeon
— E5 v4/Xeon E3 v4/Xeon D Power Control Unit

/0/a0 generic Xeon E7 v4/Xeon
— E5 v4/Xeon E3 v4/Xeon D Power Control Unit

/0/al generic Xeon E7 v4/Xeon
— E5 v4/Xeon E3 v4/Xeon D Power Control Unit

/0/a2 generic Xeon E7 v4/Xeon
— E5 v4/Xeon E3 v4/Xeon D Power Control Unit

/0/a3 system PnP device

— PNP0b0oQ

/0/a4 system PnP device

— PNPQc02

/0/a5 communication PnP device

— PNP0@501

WARNING: output may be incomplete or inaccurate, you
— should run this program as super-user.
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