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Statistical Prediction of Lossy Compression Ratios for 3D Scientific Data
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In the fields of science and engineering, lossy compression plays a growing role in running scientific simulations, as output data is on
the scale of terabytes. Using error bounded lossy compression reduces the amount of storage for each simulation; however, there is
no known bound for the upper limit of lossy compressibility. Data correlation structures, compressors and error bounds are factors
allowing larger compression ratios and improved quality metrics. This provides one direction towards quantifying lossy compressibility.
Our previous work explored 2D statistical methods to characterize the data correlation structures and their relationships, through
functional models, to compression ratios and quality metrics for 2D scientific data. In this poster, we explore the expansion of our
statistical methods to 3D scientific data. The method was comparable to 2D. Our work is the next step towards evaluating the theoretical
limits of lossy compressibility used to predict compression performance and optimally adapt compressors.
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2 Krasowska et. al

Fig. 1. Absolute percentage error for each buffer on the Miranda dataset from SDRBENCH [3]. Different lossy compresssors were
studied as shown in Table 1. SZ, ZFP, MGARD, and Digit Rounding exhibit median absolute percentage error (MAPE) <= 7%.

1 INTRODUCTION AND MOTIVATION

Scientific research can benefit from error-bounded lossy compressors due to greater compression ratios (CRs) in relation
to lossless compressors[4]. This greater performance allows applications to run with larger and more frequent datasets
due to faster I/O times and smaller I/O volumes. Entropy[8] is the mathematical limit on lossless compressibility. “Com-
pressibility” refers to the compression ratio (CR) possible. There is no known equivalent bound for lossy compression
with a provided user error bound. Establishing this bound will allow researchers to anticipate compression performances
and to see if compressors approach optimality.

One possible direction is using data correlation structures, compressor types and error bounds to study their impact
on compressibility. In this poster, we focus on data correlations and their link to CRs. Many compressors implicitly or
explicitly exploit correlation in the data. Analyzing the relationships between correlation structures and compression
performances allows researchers to anticipate compression performances and adapt compressors. Ultimately, we seek to
establish an entropy-like metric for lossy compression algorithms, which can guide the lossy compression community
to optimal development and usage. Our previous work has established functional models to predict CRs within 2D data.
The achieved goal of the research is to (1) explore relationships, through functional models, to CRs and quality metrics
for 3D data and (2) be a next step towards the theoretical limit for lossy compressibility.

2 OUR PREVIOUS WORK

We test with the Miranda[3] hydrodynamics data for large turbulence simulations. These 3D samples are 256×384×384.
The 3D datasets are split into separate 2D files based on equally spaced slices along the first dimension. We ran our
training model and statistical predictors on the individual slice. SZ and ZFP exhibited a median percentage error
(MAPE) <= 4% as shown in Figure 1. MAPE is the difference between predicted and observed CRs on the validation set.
Generating 2D slices inhibits the ability to see correlation structures prevalent within the unsliced 3D dataset.
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log(CR) = 𝑎 + 𝑏 × log(Qentropy) + 𝑐 × log
(
SVD-trunc

𝜎

)
+𝑑 × log(Qentropy) × log

(
SVD-trunc

𝜎

)
+ 𝜖 (1)

3 METHODOLOGY

Software Version Purpose

SZ[5] @2.1.12.2 lossy compressor
ZFP[6] @0.5.5 lossy compressor

MGARD[1] @1.0.0 lossy compressor
TTHRESH[2] @0.0.5 lossy compressor

Bit Grooming[10] @2.9.0 lossy compressor
Libpressio[9] @0.83.1 compress and measure the data

LLVM @12.0.1 optimize and produce low level code for Julia
Julia @1.7.2 run HOSVD and Qentropy
CUDA @11.7.0 run kernels on Nvidia GPUs

CUSOLVER @11.3.5 linear systems solver on Nvidia GPUs

Table 1. Software Used For the Study

3.1 Statistical Methods and Compression Statistics

Both statisical predictors that were used in Section 2 need to be expanded for 3D. In this work, we focus on the Higher
Order SVD (HOSVD) in combination with the quantized entropy and its effect on compressibility. The HOSVD provides
a measure of correlation within the data. CR is an important statistic within lossy compression due to its positive
correlation with storing and processing as much data as possible.

3.1.1 Compression Statistics. Compression ratio, the ratio of the uncompressed data size by the compressed data size,
is used to compare differences between compressors and their efficiency. CR depends on: error bounds, compressor
used, and correlation structures within data. The CR is easily comparable between different compressors and bounds.

3.1.2 Statistical Methods. The HOSVD is the expansion of the 2D SVD operation into higher dimensions. There are
four main steps: (1) unfold a tensor along each dimension, (2) perform SVD on each unfolding to obtain singular values,
(3) combine singular values using at least two from each unfolded dimension to reconstruct 99% of the data and (4)
perform SVD truncation (ratio of singular values needed to reconstruct 99.9% of the data).

Quantized entropy is taking the entropy of quantized data. Quantizing is the mapping of original data into block
intervals based off the user defined error bound. After the quantization of the data is done, a probability distribution
function (PDF) of the different symbols is found. The entropy, 𝐻 (𝑥) = −∑

𝑃 (𝑥𝑖) log2 𝑃 (𝑥𝑖), is calculated using the PDF.

4 RESULTS

4.1 Compressors and Software

Each lossy compressor in Table 1 is run with absolute error bounds: 1E-5, 1E-4, 1E-3, and 1E-2. All experiments are run
on Clemson’s Palmetto cluster using a DGX node consisting of an AMD EPYC 7742 64-Core Processor, 1 TB of RAM,
and 4 Nvidia A100 GPUs. The OS is Rocky Linux 8.6 with compiler GCC 9.5.0.
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Fig. 2. ZFP 1e-2 absolute error bound observed
vs predicted CR

Fig. 3. SZ 1e-2 absolute error bound observed
vs predicted CR

288 3D orbitals from QMCPack from SDRBENCH[3] containing structures of atoms, molecules, and solids were
studied. Figure 2 and 3 both show the observed vs predicted CRs for QMCPack orbitals. Many of the points fall near the
line of equality. As shown in Table 2, the predicted CR exhibits low MAPEs(< 7.5%) for SZ2, ZFP, MGARD, and Bit
Grooming. However, TTHRESH produces a much higher error at 24.8%. The higher error is left to future exploration of
more complex statistical predictors.

We determined that the regression model found in Eq. (1) worked with low MAPEs on 2D datasets. We determined
there is a relationship between CR and overall correlation structure within 3D data which can be considered as next
step toward developing an entropy-like metric for lossy compressors.

Compressor MAPE (median percentage error) 10% Quantile 90% Quantile

SZ 4.5% 3.2% 5.7%
ZFP 1.7% 1.3% 3.5%

MGARD 0.6% 0.4% 1.3%
Bit Grooming 7.4% 5% 9.3%
TTHRESH 24.8% 15.7% 27.7%

Table 2. Results for 288 Orbitals of QMCPACK[3] using the 3D extension of the statistical methods

4.2 Performance

The HOSVD is a slow algorithm even in parallel on the CPU; therefore, an accelerated version is needed.We implemented
a multi-GPU parallel version in CUDA[7]. Figure 4 shows, a noticeable speedup is achieved by adding a single GPU,
with a maximum speedup of 57×. A slight increase was achieved for each GPU added after the first.
Manuscript submitted to ACM
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Fig. 4. Qentropy (left) and HOSVD (right) speedup (CPU/GPU runtime) of the average performance over 6 runs on the baryon_density
buffer (512x512x512) from the NYX dataset[3]. The NVIDIA A100 GPU is scaled with the DGX node on the Clemson Palmetto Cluster.

5 CONCLUSION AND FUTUREWORK

The ability to accurately predict CRs in 3D is comparable to our 2D methods. Our method is flexible across compressors,
error bounds, and datasets. The comparison between different compressors for minimum data size is enabled due
to the reuse of the statistical predictors. This work leads to the next step towards theoretical quantification of lossy
compressibility. Establishing this limit would allow for the maximum efficiency for storing large scientific datasets. In
continuation of this research, there are a few goals for the future: i) further reduce computational costs by generating
samples to estimate CR and ii) create a training free model of CR based on correlation metrics and error bound.
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