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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 and
cuZFP) have been developed. However, they suffer from either
low performance or low reduction rates. To this end, we propose
cuSZ(+) to target both high reduction rates and throughputs. Fur-
thermore, we identify that data smoothness is a vital factor for
high compression throughputs. Our key contributions are fourfold:
(1) We propose an efficient compression workflow to adaptively
perform run-length encoding with or without variable-length en-
coding. (2) We derive Lorenzo reconstruction in decompression as
multidimensional partial-sum computation and propose its well-
formed GPU implementation. (3) We optimize essential kernels
and scale to the state-of-the-art A100 GPU. (4)We evaluate cuSZ(+)
using real-world HPC datasets on V100 and A100. Experiments
show cuSZ(+) improves the compression throughputs and ratios
by up to 18.4× and 5.3×, respectively, over cuSZ.

1 Introduction
Large-scale scientific applications and advanced instruments pro-
duce vast volumes of data for post hoc analysis, pressuring and
quickly saturating parallel file system that is orders of magnitude
lower in I/O bandwidth [1, 2]. For instance, a trillion-particleHACC1

simulation produces petabytes of data with hundreds of snapshots.
Error-bounded lossy compressors thrive to address two scientific
concerns: low reduction rate seen in lossless compression [5, 6] and
the uncertainty of information loss exhibited in traditional lossy
compressors (e.g., JPEG [7] and JPEG2000 [8]). The state-of-the-
art error-bounded lossy compressors can get multi-hundred-fold
reduction rates [1, 9, 10, 11] and strictly control the data distortion
regarding the user-set error bound.

Scientific lossy compressors qualify by addressing three primary
concerns: high fidelity, high reduction rate, and high throughput.
With the first two satisfied, most existing error-bounded lossy com-
pressors (e.g., SZ [9, 10], FPZIP [12], ZFP [11]) target CPU archi-
tecture and hence lack high-throughput processing, far from the
multi-hundred-GBps goal for scientific projects[13]. The currently
GPU-based error-controlled lossy compressors (e.g., cuSZ [14], and
cuZFP [15]) emphasize on processing capability, leaving the reduc-
tion rate far from optimal. For instance, cuZFP’s reduction rate is
limited to 16×, and cuSZ’s to 32×. We hereby present an efficient
compression framework cuSZ(+) on top of cuSZ [14], with key
contributions summarized: (1) we design an adaptive workflow fea-
turing run-length encoding (RLE) for a higher reduction rate; (2)
1Hardware/Hybrid Accelerated Cosmology Code [3, 4].

we attribute first-order Lorenzo reconstruction to𝑁 -D partial-sum
and have well-formed implementation. (3) we optimize essential
kernels and scale to the leading NVIDIA A100 GPU. (4) we evalu-
ate on real-world HPC datasets from [16] on V100 and A100.

2 Design
The design is in two parts, (1) the pattern-finding method based
on data smoothness and (2) the 𝑁 -D partial-sum-based Lorenzo
reconstruction.

2.1 Smoothness and Reduction Rate (RR)

(a) Smoothness against encoding distance (CESM FSDSC at 1e-2).The yellow line
denotes linear regression of variances at distances.

(b) Smoothness-Probability of the top-1 symbol relationship.

Figure 1: Relationships that help determine when to use RLE.

Lossless RLE [17] detects consecutive same-value elements and
the number they continue to form value-count tuples. Whether or
not continuing becomes a binary pattern with regular memory ac-
cess, beneficial for throughput on GPU.The overhead from storing
count raises our caution of proper use: the data should be smooth
enough. Inspired by sampling-based variogram method [18], we
adapt itsmadogram variant of absolute difference against distance
with a randomized start, 2𝛾 (s1, s2) = 𝐸 [|𝑍 (s1) − 𝑍 (s2) |] , where
𝑍 (s) is a spatial random field. We further adjust the absolute dif-
ference to binary variance, defined as = 0, when 𝑣this = 𝑣next,
otherwise 1. Its expected value for each distance is interpreted as
roughness, with its dual (1-roughness) being smoothness. Figure 1
shows the binary variance is a stable indicator of RLE-smoothness,
becoming a constant regardless of the distance. The probability of
the top-1 symbol (𝑝1) from the histogram is computationally cheap.
Thus, by further bridging smoothness, RR, and 𝑝1 (Figure1b), we
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can set the desired threshold (e.g., 32× in RR) for the corresponding
𝑝1. An additional can provide a stable 3× RR. For example, FSDSC
has an RLE-RR above 25 while cuSZ-VLE-RR is 26× to 29× (esti-
mated) and the additional VLE makes the total RR above 70×.

2.2 Well-Formed Lorenzo Reconstruction
Weuse 2D form of Lorenzo predictor for quick grasp.The 2Dpredici-
ton is given by 𝑝 [𝑦,𝑥 ] = −𝑑 [𝑦−1,𝑥−1] + 𝑑 [𝑦−1,𝑥 ] + 𝑑 [𝑦,𝑥−1] . The re-
versal, Lorenzo reconstruction, can be 𝑑 [𝑦,𝑥 ] = 𝑝 [𝑦,𝑥 ] +𝑞 [𝑦,𝑥 ] with∑𝑦

𝑗=0
∑𝑥
𝑖=0 𝑞 [ 𝑗,𝑖 ] , where 𝑞 is the error-control code, quantcode. We

give a proof by induction on [𝑦, 𝑥], as 𝑑 [𝑦+1,𝑥+1] equals to

−∑𝑦
𝑗=0

∑𝑥
𝑖=0 𝑞 [ 𝑗,𝑖 ] +

∑𝑦
𝑗=0

∑𝑥+1
𝑖=0 𝑞 [ 𝑗,𝑖 ] +

∑𝑦+1
𝑗=0

∑𝑥
𝑖=0 𝑞 [ 𝑗,𝑖 ] + 𝑞 [𝑦+1,𝑥+1]

=
∑𝑦

𝑖=0 𝑞 [ 𝑗,𝑥+1] + 𝑞 [𝑦+1,𝑥+1] +
∑𝑦+1

𝑗=0
∑𝑥

𝑖=0 𝑞 [ 𝑗,𝑖 ] =
∑𝑦+1

𝑗=0
∑𝑥+1

𝑖=0 𝑞 [ 𝑗,𝑖 ] .

Computationwise, we define𝑁 -D partial-sumof𝑥 till index [𝑘𝑁 , . . . ,
𝑘2, 𝑘1] ∈ N𝑁 as

𝑝Σ(𝑥 ;𝑘𝑁 , . . . , 𝑘2, 𝑘1) =
∑𝑘𝑁

𝑖𝑁 =0 · · ·
∑𝑘2

𝑖2=0
∑𝑘1

𝑖1=0
𝑥 [𝑖𝑁 ,...,𝑖2,𝑖1 ] ,

where 𝑝Σ is a variadic operator for any 𝑁 . We can decompose it to
𝑁 -pass 1-D partial-sums, as

𝑝Σ(𝑥 ;𝑘𝑁 , . . . , 𝑘2, 𝑘1) = 𝑝Σ(𝑝Σ
(
𝑥 ;𝑘𝑁−1, . . . , 𝑘2, 𝑘1

)
;𝑘𝑁 )

=𝑝Σ(𝑝Σ
(
· · · 𝑝Σ

(
𝑝Σ

(
𝑥 ;𝑘1

)
;𝑘2

)
· · · ;𝑘𝑁−1

)
;𝑘𝑁 ) .

That is, the output of a partial-sum on 𝑥𝑚-direction is the input of
that on 𝑥 (𝑚+1) -direction. Given the problem size (𝑋𝑁 , . . . , 𝑋2, 𝑋1),
where 𝑘 ( ·) ≤ 𝑋 ( ·) , a pass along 𝑥 ( ·) features the degree of in-
dependence (hence the maximum possible parallelism) equal to∏

𝑖≠( ·) 𝑋𝑖 .
The implementation features careful data-access arrangement,

including (1) coalescing load, global- to shared-memory, (2) coars-
ening by assigning multiple items to a thread, (3) in-warp shuffle
for partial-sum2, and (4) coalescing access to shared memory for
out-of-warp data exchange, (5) coalescing store to global memory.

3 Evaluation
Our evaluation setup is listed below,
platform A100 of ALCF-ThetaGPU, V100 of TACC-Longhorn
dataset 1D HACC; 2D CESM; 3D Hurricane, Nyx, QMC.

3.1 Evaluation of Reduction Rate

cuSZ cuSZ(+) cuSZ(+)
VLE RLE gain RLE+VLE gain

FSDSC 23.88 26.10 1.09× 71.35 2.99×
FSDTOA 26.10 43.65 1.67× 119.17 4.57×

ODV_bcar1 25.83 37.28 1.44× 110.51 4.28×
ODV_bcar2 25.83 30.71 1.19× 89.98 3.48×
ODV_dust1 26.10 22.91 - 67.72 2.59×
ODV_dust2 26.37 24.02 - 70.98 2.69×
ODV_dust3 26.10 33.29 1.28× 98.22 3.76×
ODV_dust4 26.10 46.81 1.79× 139.27 5.34×
ODV_ocar1 24.11 41.17 1.71× 121.59 5.04×
ODV_ocar2 24.11 33.79 1.40× 98.63 4.09×

PRECSC 25.83 19.50 - 58.92 2.28×
SNOWHLND 25.57 21.18 - 63.33 2.48×

SOLIN 26.10 43.65 1.67× 119.17 4.57×
Table 1: cuSZ(+) gain in reduction rate over cuSZ-VLE under 1e-2 er-
ror bound.The selection features either the gain from RLE is greater
than 1.0× or that from RLE+VLE is greater than 2.0×.

2NVIDIA::cub is used in 1D case, but there is no 2D or 3D partial-sum from that.

Table 1 shows several cases that RLE outperforms in reduction
rate than cuSZ-VLE. An additional VLE can get up to 5.3× reduc-
tion rate improvements over cuSZ.

3.2 Evaluation of Performance
V100 HACC CESM Hurr Nyx QMC
Lorenzo cuSZ 207.7 252.1 175.8 200.2 189.6
construct cuSZ(+) 307.4 273.9 229.9 296 298.6

1.48× 1.09× 1.31× 1.48× 1.57×

Huffman cuSZ 54.1 57.2 55.2 58.8 61
encode cuSZ(+) 58.3 107.7 111.2 120.5 110.8

1.08× 1.88× 2.01× 2.05× 1.82×

Lorenzo cuSZ 16.8 58.5 43.9 29.7 22.4
reconstruct cuSZ(+) 313.1 254.2 218.4 238.1 255.5

18.64× 4.35× 4.97× 8.02× 11.41×

Table 2: Performance comparison of Lorenzo and Huffman encod-
ing kernels in cuSZ(+) and cuSZ on V100. The unit is in GB/s.

size in MB 1071.8 24.7 95.4 512.0 601.5
HACC CESM Hurr Nyx QMC

Lorenzo V100 328.3 273.9 199.0 296.0 298.6
construct A100 501.1 466.8 429.0 481.3 492.9

1.53× 1.70× 2.16× 1.63× 1.65×

Huffman V100 58.3 107.7 111.2 120.5 110.8
encode A100 174.6 121.6 206.0 217.2 198.4

2.99× 1.13× 1.85× 1.80× 1.79×

Lorenzo V100 308.7 267.0 200.1 251.7 255.5
reconstruct A100 504.4 495.3 345.5 398.6 384.0

1.63× 1.86× 1.73× 1.58× 1.50×
Table 3: Evaluation of cuSZ(+) using default compression workflow
(Lorenzo and VLE) with relative error bound of 10−4 on V100 and
A100: breakdown throughput of compression subprocedures.

With the baseline from [14], Table 2 illustrates that the perfor-
mance improvements of cuSZ(+)’s Lorenzo construction kernels
are 1.48× for 1D data, 1.09× for 2D data, and 1.45× for 3D data
on average over cuSZ. Moreover, we increase the lowest through-
put from 175.8 GB/s to 229.9 GB/s (+30.7%) on the tested datasets.
Table 3 shows that the optimized kernels scale well from V100
to A100. The scaling is by 1.53× to 2.16× for Lorenzo construc-
tion, 1.13× to 2.99× for Huffman encoding, and 1.50× to 1.86× for
Lorenzo reconstruction.

Conclusion
In this work, we propose cuSZ(+), a compressibility-aware GPU-
based lossy compressor for NVIDIA GPU architectures, which can
(1) make use of data smoothness to boost reduction rate and (2)
improve the compression throughput over cuSZ.The optimization
also shows good scalability of kernels from V100 to A100.
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