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Big-Data Scientific Application

Data management is a real-world problem to address when we 
advance in scientific exploration.

+ high-quality for 
accurate post-
analysis


+ data reduction 
rate at 10x in 
need


+ high-throughput 
processing to 
ease I/O and 
communication 
pressure

Introduction Design Evaluation Backmatter

Introduction: Data-Heavy Scientific Applications

application data scale passive solution (?) to reduce

HACC 20 PB use up FS 10x
cosmology simulation per one-trillion-particle

simulation
26 PB for Mira@ANL in need

CESM 20% vs50% 5h30m to store 10x
climate simulation of h/w budget for storage

2013 vs 2017
NSF Blue Waters, I/O at 1 TBps in need

APS-U hundreds ofPB 100-PB bu�er 100x
High-Energy X-Ray
Beams Experiments

brain initiatives or, connection at 100 GBps in need
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Interpolative Prediction Data-Access Pattern

We use 2D interpolation for conceptual 
demonstration; the prediction direction 
alters each stage.

2k units

2k-1 units

x-direction y-direction interp.

distance

predicted points

unpredicted points

prediction one point to another

starting point

Starting points     are distant from each 
other and beyond GPU thread blocks 
can handle; they become anchor points 
and are saved directly.

An interpolation iteration contains ndim 
stages. Stages feature altering interpo-
lation direction. When an iteration fini-
shes, the interpolation distances shrinks 
by a factor of 2. 

This R&D was supported by the Exascale Computing Project (ECP), Project Number: 17-SC-20-SC, a collaborative 
effort of two DOE organizations—the Office of Science and the National Nuclear Security Administration, 
responsible for the planning and preparation of a capable exascale ecosystem. This repository was based upon 
work supported by the U.S. Department of Energy, Office of Science, under contract DEAC02-06CH11357, and also 
supported by the National Science Foundation under Grants SHF-1617488, SHF-1619253, OAC-2003709, 
OAC-1948447/2034169, and OAC-2003624.

A
ck

no
w

le



-d
gm

en
t

GB/s	 compression

A100	 253.5 (1.09x)

V100	 232.7 (1.00x)

	 decompression

A100	 335.8 (1.39x) 

V100	 242.3 (1.00x)

Preliminary Evaluation (Seismic Data)
PSNR Advantage over Default 

Impact on Error-Quantization

Interpolating 32x8x8 data chunk. With anchor points, the error quantizations are 
smaller in amplitude throughout different error bounds. Anchor points are used 
for performance concern: fitting subproblem size to GPU hardware architecture.

SZ [1, 2] Lossy Compression Essence
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Error-Bounded Lossy Compression

CESM-CLDHGH, data range: 0.89401052, error-bound: 1e-4, relative to the range
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float (32 e�ective bits)
mantissa randomness

int (13 e�ective bits, incl. signum)
rounding, type-casting
integerized regarding error bound

unsigned int (8 e�ective bits)
prediction! recorded errors
(of prediction from the previous)

decreased bit randomness from left to right
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SZ, while guaranteeing the 
error-boundness, performs 
bit-level randomness elimi-
nation to increase the com-
pressibility.

When the prediction 
does well and results 
in highly sparse err-
or-quantization code, 
gather (& scatter) 
are conducted to 
boost the compres-
sion ratio. 

CPU Spline

GPU Spline

GPU Default

Compression Ratio Throughout 
3,000 RTM Snapshots

Error-Quantization Distribution

Compression Ratio &  Quality Across {GPU, 
CPU}-Spline and Default (Lorenzo)

GPU Spline 
(if w/o 
anchor) 
outperforms 
others in 
error-
quantization 
centrality.

Need further in-depth 
optimization.

Spline 
interpolation 
outperforms 
the default 
predictor 
(Lorenzo).

Dataset: RTM Simulation 
#600 to #3000.
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Kernel Throughput

To lower bit randomness: prediction-based SZ.


