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Abstract

Error-bounded lossy compression is a critical technique for sig-
nificantly reducing scientific data volumes. With ever-emerging
heterogeneous high-performance computing (HPC) architecture,
GPU-accelerated error-bounded compressors such as cuSZ have
been developed. In order to improve the data quality and the com-
pression ratio while maintaining high throughput, an interpolation-
based spline method is introduced, inspired by the existing CPU
prototype. In this work, We present (1) an efficient GPU imple-
mentation of the 3D interpolative spline prediction method, (2) a
finer-grained data chunking approach using anchor points to lever-
age the modern GPU architecture, and (3) an in-depth analysis of
how such anchor point affects the error formation and the com-
pression ratio, and (4) a preliminary result in performance on the
state-of-the-art modern GPUs. Our solution can achieve 1) a higher
compression ratio than the previous default prediction method in
cuSZ, 2) the overall comparable data quality and compression ratio
with the CPU prototype.

1 Introduction

Large-scale scientific applications for advanced instruments pro-
duce vast data for post hoc analysis. For instance, Hardware/Hybrid
Accelerated Cosmology Code (HACC) [1, 2] may produce petabytes
of data in hundreds of snapshots when simulating one trillion par-
ticles. It is easy to saturate the parallel file system (PFS) [3, 4],
given their relatively low bandwidths, and eventually becomes the
bottleneck of the application.

With data reduction becoming an
effective method to alleviate I/O pres-
sure, designing a scientific lossy com-
pressor entails addressing three pri-
mary concerns: high fidelity preserva-
tion, high compression ratio, and fast
processing capability. Most existing
scientific lossy compressors (e.g., SZ
[5, 6], FPZIP [7], ZFP [8]) tend to fulfill
the demand of achieving the first two
aspects. However, the ever-growing
popularity of heterogeneous acceler-
ators (e.g., modern GPUs) makes it a
shift in focus to perform in situ data
processing on GPU. To this end, port-
ing the CPU-based compressors with
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with multi-hundred-gigabyte capability (supposedly matching the
data generating rate [9]) is challenging, not to mention maintaining
the data quality and sacrificing tolerable compression ratio.
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The previous GPU-based error-bounded lossy compressors, cuSZ
[10, 11], uses extrapolative Lorenzo predictor. As is pointed out in
[12], for certain scientific applications such as climate and seismic
imaging data, interpolation-based prediction can archive better data
quality with an even higher compression ratio than the default SZ
Lorenzo prediction. As shown in Fig. 1, by observing over 3,000
snapshots in a seismic reverse time migration (RTM) simulation,
we found the interpolative spline method generally achieves better
data quality in PSNR (peak signal-to-noise ratio) than the default
Lorenzo prediction in SZ. However, how to fit the interpolation
onto GPU by explicitly leveraging its architecture and how the
potential modification would affect the compression ratio remain a
question.

In this work, We hereby present (1) an efficient GPU implemen-
tation of the 3D interpolative spline prediction method, (2) a finer-
grained data chunking approach using anchor points to leverage
the modern GPU architecture, (3) an in-depth analysis of how such
anchor point affects the error formation and the compression ratio,
and (4) a preliminary result in performance on the state-of-the-art
modern GPUs.

2 Design
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onto GPU considering Figure 2: Mofified interpolation in concept;
the GPU architecture. the boundary points are explicitly handled
More specifically, in with finer-grained data chunking, called
order to saturate the “anchor points”.

memory bandwidth and hence lower the number of high-latency
memory transactions, coalescing memory access of a multiple of
128 bytes is desired; for a thread block, non-batched access that
spans the whole data field (e.g., x = 0 and x = 128 to predict x = 64)
causes severe cache miss and hence degrades the performance. For-
mally, trilinear interpolation is a three-time linear interpolation
corresponding to the three axes. The maximum number of interpola-
tive iteration could be log,[max(235, 445, 445)] in our case when
using the RTM dataset (from [12]). Suppose in one iteration, whose
corresponding interpolation distance 2¥ can make the data chunk
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Figure 3: Error-quantization code distribution comparison across three prediction methods.

CPU Spline 3D
1e-2

_ GPU Spline 3D
© 1e-2

Figure 4: With anchor points (hollow circles) pinning the original
values, GPU Spline 3D prediction results in fewer non-zero error-
quantization codes and codes with smaller amplitude. This demon-
stration uses RTM simulation data No. 2815, with a quartet chunk at
(0,0,0) selected. Note that (0,0,0) is more dramatic than other chunks.

fit into a thread block; multiple factors decide the proper k, which
is unfeasible to exhaust at one time. Note that the interpolation of
distance 2X involves 2K*1 + 1 data elements along with one axis.
In practice, we first define an 8-by-8-by-8 data partition as a
unit chunk. Then, a 9-by-9-by-9 chunk encloses 512 elements and
becomes a unit workspace, with one unit padded on each axis. To
immediately start the interpolation at a distance of 4, the points
whose indices satisfy (idx mod 8 = 0) must be ready. To avoid
global access that caused performance degradation, we propose
to use anchor points that are losslessly saved along with the com-
pressed quant-codes afterward. We select (0,0, 0) for each basic
workspace as the anchor point. Therefore, 1 of 512 elements be-
comes an anchor point, making up roughly 1/512 overhead to save

the lossless anchor point; therefore, the use of anchor points is well
justified given the small overhead in compression ratio. Then, the
interpolation performs a similar three-time linear prediction to the
CPU design in [12]. The interpolation that starts with distance 2k
goes through k iterations down to distance 1, with each time the
distance halved.

Figure 3 and 4 show that 1) in comparison with the default
Lorenzo prediction, the error-quantization code is marginally more
centralized and 2) in comparison with the CPU version, the anchor
points results in can result in less non-zero error-quantizations
and smaller in the error-quantization amplitude. In addition, by
controlling over the input error bound, we can see the changing
error-quantization in Figure 4; it is consistently good when intro-
ducing the anchor points.

3 Evaluation

Our evaluation setup is listed below,

platform A100 of ALCF-ThetaGPU, V100 of ANL-
dataset Seismic RTM data of over 3,000 snapshots.

Throughput The Spline 3D kernel can achieve over 200 GB/s in
data processing, as shown below,

e Compression: 232.7 GB/s on V100, and 253.5 GB/s on A100
e Decompression: 242.3 GB/s on V100, and 335.8 GB/s on
A100

Compression Ratio Figure 5 shows the variety of compression
ratios across the whole dataset; in conclusion, the GPU implemen-
tation can achieve a comparable data reduction rate with the CPU
version. Table 1 shows a detailed comparison at snapshot No. 2815;
with anchor point and sparsity gather techniques, GPU spline can
achieve a competitive compression ratio.
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Figure 5: The variety in compression ratio across thousands of snap-
shots.
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Prediction Prediction Prediction
eb quant. freq. CR  quality freq. CR  quality CR  quality
156,221 G 243,936 G
1.25e-3 1 02035% 670 05149% 354
0 GA PSNR 46,707,654 G+VLE PSNR G+VLE PSNR [7]
593 687 985888% 709 697 (ower) 636
4 152,777 GA+VLE corr. 235,588  (upper limit®) corr corr.
02870% 1185 09979  04973% 3975 09983 0.9937
G 112,857 G
3.00e-3 A 1770 0.2382% 824 (8]
0 GA PSNR 088, G+VLE PSNR G+VLE PSNR
1315 639 1648 636 (ower) 580
4 518 GA+VLE corr. (upper limit®) corr corr.
01156% 2630 09937 09932 09771
13,679 G G
100e-2 1 00257% 8270 369.2 (]
0 53,199,433 GA PSNR 47,312,070 G+VLE PSNR G+VLE PSNR
999395% 3162 591 99.8646% 7384 562 776 539
1 13,900 GA+VLE Corr. 26,938 (upper limit®) corr. corr.
00261% 6325 09809 00569% 36067 0962 09390 (10]

Table 1: The comparison of the three

methods. “G” stands for

sparsity-gather, “A” stands for the overhead from recording the an-
chor points, and “+VLE” stands for the optional variable-length-

encoding. [11]
Conclusion

In this work, we propose a spline interpolation-based prediction to

achieve higher data quality and a better compression ratio. By lever- (12]

aging the fine-grained data chunking method and using anchor

points, we can fit the originally large problem to GPU without hurt-

ing the compression ratio much. We also present the preliminary
throughput evaluation on NVIDIA V100 and A100 GPUs.
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