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its madogram variant of absolute di�erence against distance from
the starting point, 2W (s1, s2) = ⇢ [|/ (s1) � / (s2) |] , where / (s) is
a spatial random �eld. We further adjust the absolute di�erence to
binary variance, de�ned as = 0, when Ethis = Enext, otherwise 1. Its
expected value for each distance is interpreted as roughness, with
its dual (1-roughness) being smoothness. Among the three types
of madograms Figure1, the binary variance against distance is a
stable indicator of data smoothness for RLE. We further relate (1)
data continuity/smoothness and the compression ratio (CR) and (2)
data smoothness and the probability of the most likely symbol (?1)
(Figure1b). We can set the desired threshold (e.g., 32⇥ in CR) to look
up the correspoinding ?1. An additional can provide a stable 3⇥ CR.
For example, FSDSC has an RLE-CR above 25 while ��SZ-VLE-CR
is 26⇥ to 29⇥ (estimated) and the additional VLE makes the total
CR above 70⇥.

2.2 Well-Formed Lorenzo Reconstruction
We use 2D form of Lorenzo predictor for quick grasp. The 2D
prediciton is given by ? [~,G ] = �3 [~�1,G�1]+3 [~�1,G ]+3 [~,G�1] . The
reversal, Lorenzo reconstruction, can give 3 [~,G ] = ? [~,G ] + @ [~,G ]
by
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Computationwise, we de�ne# -D partial-sum ofG till index [:# , . . . ,
:2,:1] 2 N# as
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where ?⌃ is a variadic operator for any # . We can decompose it to
# -pass 1-D partial-sums, as
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That is, the output of a partial-sum on G<-direction is the input of
that on G (<+1) -direction. Given the problem size (-# , . . . ,-2,-1),
where : ( ·)  - ( ·) , a pass along G ( ·) features the degree of indepen-
dence (hence the maximum possible parallelism) equal to

Œ
8<( ·) -8 .

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

3.1 Evaluation of Compression Ratio
Table 1 shows several cases that RLE outperforms in compression
ratio than ��SZ-VLE. An additional VLE can get up to 5.3⇥ com-
pression ratio improvements over ��SZ.

3.2 Evaluation of Performance
With the baseline from [14], Table 2 illustrates that the performance
improvements of ��SZ(+)’s Lorenzo construction kernels are 1.48⇥
for 1D data, 1.09⇥ for 2D data, and 1.45⇥ for 3D data on average
over ��SZ. Moreover, we increase the lowest throughput from
175.8 GB/s to 229.9 GB/s (+30.7%) on the tested datasets. Table 2

cuSZ ours ours

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: Showcase Data�elds that ��SZ(+) with Work�ow-RLE has
higher compression ratio than ��SZ with Work�ow-Hu�man under
10�2 error bound. “gain” is based on ours against VLE from ��SZ.
The selection features either the gain from “RLE” is greater than
1.0⇥ or that from “RLE+VLE” is greater than 2.0⇥.

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⇥

Hu�man 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 Hu�man encoding
kernels in ��SZ(+) and ��SZ 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 ��SZ(+) using default compression work�ow
(Lorenzo and VLE) with relative error bound of 10�4 on V100 and
A100: breakdown throughput of compression subprocedures.

also shows that the optimized kernels, essentially Lorenzo construc-
tion & reconstruction, and a bottleneck from Hu�man encoding,
scale well from V100 to A100. The scaling is by 1.53⇥ to 2.16⇥ for
Lonrezo construction, 1.13⇥ to 2.99⇥ for Hu�man encoding, and
1.50⇥ to 1.86⇥ for Lorenzo reconstruction.

Conclusion
In this work, we propose ��SZ(+), a compressibility-aware GPU-
based lossy compressor for NVIDIA GPU architectures, which can
(1) make use of data smoothness to boost compression ratio and (2)
improve the compression throughput over ��SZ. The optmization
also shows good scalability of kernels from V100 to A100.
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That is, the output of a partial-sum on G<-direction is the input of
that on G (<+1) -direction. Given the problem size (-# , . . . ,-2,-1),
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dence (hence the maximum possible parallelism) equal to
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3 Evaluation
Our evaluation setup is listed below,
platform A100 of ALCF-ThetaGPU, V100 of TACC-Longhorn
dataset 1D HACC, 2D CESM, 3D Hurricane, 3D Nyx, 3D QMC.

3.1 Evaluation of Compression Ratio
Table 1 shows several cases that RLE outperforms in compression
ratio than ��SZ-VLE. An additional VLE can get up to 5.3⇥ com-
pression ratio improvements over ��SZ.
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With the baseline from [14], Table 2 illustrates that the performance
improvements of ��SZ(+)’s Lorenzo construction kernels are 1.48⇥
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also shows that the optimized kernels, essentially Lorenzo construc-
tion & reconstruction, and a bottleneck from Hu�man encoding,
scale well from V100 to A100. The scaling is by 1.53⇥ to 2.16⇥ for
Lonrezo construction, 1.13⇥ to 2.99⇥ for Hu�man encoding, and
1.50⇥ to 1.86⇥ for Lorenzo reconstruction.

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

Big-Data Scientific Application

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

Data Reduction

+ high-quality data-
reconstruction for 
accurate post-analysis 

+ data reduction rate at 
10x in need 

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

From cuSZ[3] to cuSZ(+)
+ Lorenzo construction: 1.53× to 2.16× 
+ Huffman encoding: 1.13× to 2.99× 
+ Lorenzo reconstruction: 1.50× to 1.86×  
+ Faster HBM2e helps a lot.

SZ[1,2] Lossy Compres- 
sion Essence

+ cuSZ[3], the GPU adoption of SZ[1,2] 
! no pattern finding 
! reduction limited to 32x 

+ fully parallelized compress-time 
! not in decompress-time 

+ cuSZ(+) addresses the problems.

To lower bit randomness: prediction-based SZ.
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Error-Bounded Lossy Compression
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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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its madogram variant of absolute di�erence against distance from
the starting point, 2W (s1, s2) = ⇢ [|/ (s1) � / (s2) |] , where / (s) is
a spatial random �eld. We further adjust the absolute di�erence to
binary variance, de�ned as = 0, when Ethis = Enext, otherwise 1. Its
expected value for each distance is interpreted as roughness, with
its dual (1-roughness) being smoothness. Among the three types
of madograms Figure1, the binary variance against distance is a
stable indicator of data smoothness for RLE. We further relate (1)
data continuity/smoothness and the compression ratio (CR) and (2)
data smoothness and the probability of the most likely symbol (?1)
(Figure1b). We can set the desired threshold (e.g., 32⇥ in CR) to look
up the correspoinding ?1. An additional can provide a stable 3⇥ CR.
For example, FSDSC has an RLE-CR above 25 while ��SZ-VLE-CR
is 26⇥ to 29⇥ (estimated) and the additional VLE makes the total
CR above 70⇥.

2.2 Well-Formed Lorenzo Reconstruction
We use 2D form of Lorenzo predictor for quick grasp. The 2D
prediciton is given by ? [~,G ] = �3 [~�1,G�1]+3 [~�1,G ]+3 [~,G�1] . The
reversal, Lorenzo reconstruction, can give 3 [~,G ] = ? [~,G ] + @ [~,G ]
by

Õ~
9=0

ÕG
8=0 @ [ 9,8 ] , where @ is the error-control code, quantcode.

We give a proof by induction on [~, G], as 3 [~+1,G+1] equals to

�Õ~
9=0

ÕG
8=0 @ [ 9 ,8 ] +

Õ~
9=0

ÕG+1
8=0 @ [ 9 ,8 ] +

Õ~+1
9=0

ÕG
8=0 @ [ 9 ,8 ] + @ [~+1,G+1]

=
Õ~

8=0 @ [ 9 ,G+1] + @ [~+1,G+1] +
Õ~+1

9=0
ÕG

8=0 @ [ 9 ,8 ] =
Õ~+1

9=0
ÕG+1

8=0 @ [ 9 ,8 ] .

Computationwise, we de�ne# -D partial-sum ofG till index [:# , . . . ,
:2,:1] 2 N# as

?⌃(G ;:# , . . . ,:2,:1) =
Õ:#

8# =0 · · ·
Õ:2

82=0
Õ:1

81=0 G [8# ,...,82,81 ] ,

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

?⌃(G ;:# , . . . ,:2,:1) = ?⌃(?⌃
�
G ;:#�1, . . . ,:2,:1

�
;:# )

=?⌃(?⌃
�
· · · ?⌃

⇣
?⌃

⇣
G ;:1

⌘
;:2

⌘
· · · ;:#�1

�
;:# ) .

That is, the output of a partial-sum on G<-direction is the input of
that on G (<+1) -direction. Given the problem size (-# , . . . ,-2,-1),
where : ( ·)  - ( ·) , a pass along G ( ·) features the degree of indepen-
dence (hence the maximum possible parallelism) equal to

Œ
8<( ·) -8 .

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

3.1 Evaluation of Compression Ratio
Table 1 shows several cases that RLE outperforms in compression
ratio than ��SZ-VLE. An additional VLE can get up to 5.3⇥ com-
pression ratio improvements over ��SZ.

3.2 Evaluation of Performance
With the baseline from [14], Table 2 illustrates that the performance
improvements of ��SZ(+)’s Lorenzo construction kernels are 1.48⇥
for 1D data, 1.09⇥ for 2D data, and 1.45⇥ for 3D data on average
over ��SZ. Moreover, we increase the lowest throughput from
175.8 GB/s to 229.9 GB/s (+30.7%) on the tested datasets. Table 2

cuSZ ours ours

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: Showcase Data�elds that ��SZ(+) with Work�ow-RLE has
higher compression ratio than ��SZ with Work�ow-Hu�man under
10�2 error bound. “gain” is based on ours against VLE from ��SZ.
The selection features either the gain from “RLE” is greater than
1.0⇥ or that from “RLE+VLE” is greater than 2.0⇥.

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⇥

Hu�man 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 Hu�man encoding
kernels in ��SZ(+) and ��SZ 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 ��SZ(+) using default compression work�ow
(Lorenzo and VLE) with relative error bound of 10�4 on V100 and
A100: breakdown throughput of compression subprocedures.

also shows that the optimized kernels, essentially Lorenzo construc-
tion & reconstruction, and a bottleneck from Hu�man encoding,
scale well from V100 to A100. The scaling is by 1.53⇥ to 2.16⇥ for
Lonrezo construction, 1.13⇥ to 2.99⇥ for Hu�man encoding, and
1.50⇥ to 1.86⇥ for Lorenzo reconstruction.

Conclusion
In this work, we propose ��SZ(+), a compressibility-aware GPU-
based lossy compressor for NVIDIA GPU architectures, which can
(1) make use of data smoothness to boost compression ratio and (2)
improve the compression throughput over ��SZ. The optmization
also shows good scalability of kernels from V100 to A100.
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With intrinsic high compressibility, RLE is 
greater than VLE, (RLE+VLE) is even greater.

"Smoothness" for RLE

Platform 
A100, ALCF-ThetaGPU 
V100, TACC-Longhorn

Datasets 
1D HACC, 2D CESM, 3D 
Hurricane, Nyx, QMC
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general term

2D Lorenzo predictor[2]

local reconstruction

proof by induction

<latexit sha1_base64="XP5r4grPknW4eNeRFI4atG9tG34="></latexit>Py
j=0

Px
i=0 q[j,i]

<latexit sha1_base64="bA5wYNMGQtguwyX1SdMO0EtO4+k=">AAACIHicbVDLSsNAFJ3UV62vqEs3g0UQbEsixboRim5cVrAPSEOZTCft0MmDmYk0hH6KG3/FjQtFdKdf46QNVFsvDJzHvdy5xwkZFdIwvrTcyura+kZ+s7C1vbO7p+8ftEQQcUyaOGAB7zhIEEZ90pRUMtIJOUGew0jbGd2kfvuBcEED/17GIbE9NPCpSzGSSurptbCXWHFpbE/gFSzDfsrKZmlcNpVyNudzNvN6etGoGNOCy8DMQBFk1ejpn91+gCOP+BIzJIRlGqG0E8QlxYxMCt1IkBDhERoQS0EfeUTYyfTACTxRSh+6AVfPl3Cq/p5IkCdE7Dmq00NyKBa9VPzPsyLpXtoJ9cNIEh/PFrkRgzKAaVqwTznBksUKIMyp+ivEQ8QRlirTggrBXDx5GbTOK+ZFpXpXLdavszjy4Agcg1Ngghqog1vQAE2AwSN4Bq/gTXvSXrR37WPWmtOymUPwp7TvH7m2oD4=</latexit>

p[y,x] = �d[y�1,x�1] + d[y�1,x] + d[y,x�1]
<latexit sha1_base64="p4I0aq9ZdY/yjIhvCTvGOGV/IGI=">AAACCnicbZDLSsNAFIYnXmu9RV26GS2CoJREiroRim5cVrAXSEOYTCft0MkkzkzEELp246u4caGIW5/AnW/jtI2irT8MfPznHM6c348ZlcqyPo2Z2bn5hcXCUnF5ZXVt3dzYbMgoEZjUccQi0fKRJIxyUldUMdKKBUGhz0jT718M681bIiSN+LVKY+KGqMtpQDFS2vLMnY6XOenhnTuAZzD+4QN4882eWbLK1khwGuwcSiBXzTM/2p0IJyHhCjMkpWNbsXIzJBTFjAyK7USSGOE+6hJHI0chkW42OmUA97TTgUEk9OMKjtzfExkKpUxDX3eGSPXkZG1o/ldzEhWcuhnlcaIIx+NFQcKgiuAwF9ihgmDFUg0IC6r/CnEPCYSVTq+oQ7AnT56GxlHZPi5Xriql6nkeRwFsg12wD2xwAqrgEtRAHWBwDx7BM3gxHown49V4G7fOGPnMFvgj4/0LwfCZrw==</latexit>

d[y,x] = p[y,x] + q[y,x]
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Design, Lorenzo Reconstruction (cont’d)

It is proven by (2D as the showcase)
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(a) Concept of 2D partial sum.
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(b) Exemplary 2-pass partial-sum computation for 2D data reconstruction.

Figure 3: Example of 2D partial-sum computation for Lorenzo reconstruction in ��SZ+’s decompression.

Thursday, Sept. 9, 2021 · CLUSTER ’21, Portland, Oregon, USA · ��SZ+ · 13 / 21

Introduction Design Evaluation Backmatter

Design, Lorenzo Reconstruction (cont’d)

It is proven by (2D as the showcase)

d•[y+1,x+1] = �
yX

j=0

xX

i=0
q0[j,i] +

yX

j=0

x+1X

i=0
q0[j,i] +

y+1X

j=0

xX

i=0
q0[j,i] + q0[y+1,x+1]

=

yX

i=0
q0[j,x+1] + q0[y+1,x+1] +

y+1X

j=0

xX

i=0
q0[j,i] =

y+1X

j=0

x+1X

i=0
q0[j,i].

�
yX

j=0

xX

i=0

q0[j,i]

+
y+1X

j=0

xX

i=0

q0[j,i]

+
yX

j=0

x+1X

i=0

q0[j,i]

+q0[y+1,x+1]

(a) Concept of 2D partial sum.

partial-sum along x partial-sum along y

p⌃ (x�1)|y�2
+q0y�2,x�1�������! p⌃ (x)|y�2 p⌃

⇣
p⌃ (x)|y�2

⌘���
x

+ p⌃(x)|y�2��������! p⌃
⇣
p⌃ (x)|y�1

⌘���
x

p⌃ (x�1)|y�1
+q0y�1,x�1�������! p⌃ (x)|y�1 p⌃

⇣
p⌃ (x)|y�1

⌘���
x

+ p⌃(x)|y�1��������! p⌃
⇣
p⌃ (x)|y

⌘���
x

p⌃ (x�1)|y
+q0y ,x�1�������! p⌃ (x)|y p⌃

⇣
p⌃ (x)|y

⌘���
x

+ p⌃(x)|y��������! p⌃
⇣
p⌃ (x)|y+1

⌘���
x

(b) Exemplary 2-pass partial-sum computation for 2D data reconstruction.

Figure 3: Example of 2D partial-sum computation for Lorenzo reconstruction in ��SZ+’s decompression.
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With internal cancellation, it is 
computationally cheap and done 
by N-D partial-sum.

Evaluation Setup
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Figure 1: Compression (left) and decompression (right) work�ows of our ��SZ(+) (bottom). We design an adaptive solution toward better
throughput and compression ratio, featuring 2 work�ow paths. The white block indicates functionality; the parenthesized number marks
executing order, where the additional letters “a” and “b” mark the two paths to choose from; the gray enclosure indicates GPU kernel; the
arrow indicates memory copy. The changes from ��SZ to ��SZ(+) are marked with blue boldface.

Algorithm 1: Lorenzo construction and reconstruction.
Yellow-highlight marks the modi�ed quantization scheme.
Blue-highlight marks partial-sum based reconstruction.

1 (for all fp-prepresented data item 3) ù compression

2 3�  (3).divided_by(2⇥41) ù prequant, barrier

3 ?�  ✓ (3�SR), X�  ?�� 3�

4 if X� < cap/2 ⌘ radius A then ù postquant

5 @�  (X�) .to_int() + A ù captured, to lossless-compress

6 else

7 outlier  X� ù remaining fp presence

8 end if

?⌃ to denote inclusive partial-sum ù decompression

(for all @• ⌘ @�)
9 @0  (@• � outlier) � A ù fuse quant. and outlier

10 3•  ?⌃G @0 only if dim. G exists ù barrier

11 3•  ?⌃~ (?⌃G @0) only if dim. G, ~ exist ù barrier

12 3•  ?⌃I (?⌃~ (?⌃G @0)) only if dim. G, ~, I exist ù barrier

13 output  3• · (2⇥41)

2.1 Data Smoothness and Higher Compression
Ratio

RLE, �rst introduced in [18], is a form of lossless compression,
in which sequences of consecutive same-value data elements are
stored as value-count tuples. Such kind of sequences are called
runs of data. RLE’s continuity in the same values can be seen as
a simplistic pattern-�nding method; and its regular access when
checking the next values can greatly help the high throughput on
GPU. Lacking the pre�x property of Hu�man encoding, overheads
from value-count tuple raise our caution to use properly: the data
should be “smooth” enough. Inspired by variogrammethod [19], we
adapt its madogram variant of absolute di�erence against distance
from the starting point,

2W (s1, s2) = var
�
/ (s1) � / (s2)

�
= ⇢ [|/ (s1) � / (s2) |] ,

where / (s) is a spatial random �eld. We further adjust the absolute
di�erence to binary di�erence, de�ned as

binary variance =
⇢

0 Ethis = Enext
1 Ethis < Enext

,

and its expected value per distance is interpreted as RLE roughness,
with its dual (1-roughness) being the smoothness naturally.

In Figure2, we present 3 types ofmadograms, inwhich, the binary
variance against distance is a stable indicator of data smoothness,

(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 most likely symbol relationship.

Figure 2: Smoothness of prequantized data and quant-code, and
smoothness-probability of the most likely symbol relationship can
help determine when to use RLE. For example, a threshold com-
pression ratio can be set to 32 to �nd the desired smoothness, and
the smoothness can be directed to the probability of the most likely
symbol.

re�ecting the root cause that RLE can work. However, due to the
pairwise comparison amid the whole data �eld, even sampled pairs
can much hurt the online processing performance. As such, we can
relate (1) data continuity/smoothness and the compression ratio
(CR) and (2) data smoothness and the probabilityof the most likely
symbol (?1) (Figure2b). With proper ?1 gained from histogram, we
can set a desired threshold, e.g., 32⇥, above which we can perform
RLE. Note that an additional can provide a stable 3⇥ CR. For exam-
ple, FSDSC has an RLE-CR above 25 while ��SZ-VLE-CR is 26⇥ to
29⇥ (esimated) and the additional VLE maks the accumulated CR
above 70⇥ in this case.
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Figure 1: Compression (left) and decompression (right) work�ows of our ��SZ(+) (bottom). We design an adaptive solution toward better
throughput and compression ratio, featuring 2 work�ow paths. The white block indicates functionality; the parenthesized number marks
executing order, where the additional letters “a” and “b” mark the two paths to choose from; the gray enclosure indicates GPU kernel; the
arrow indicates memory copy. The changes from ��SZ to ��SZ(+) are marked with blue boldface.

Algorithm 1: Lorenzo construction and reconstruction.
Yellow-highlight marks the modi�ed quantization scheme.
Blue-highlight marks partial-sum based reconstruction.

1 (for all fp-prepresented data item 3) ù compression

2 3�  (3).divided_by(2⇥41) ù prequant, barrier

3 ?�  ✓ (3�SR), X�  ?�� 3�

4 if X� < cap/2 ⌘ radius A then ù postquant

5 @�  (X�) .to_int() + A ù captured, to lossless-compress

6 else

7 outlier  X� ù remaining fp presence

8 end if

?⌃ to denote inclusive partial-sum ù decompression

(for all @• ⌘ @�)
9 @0  (@• � outlier) � A ù fuse quant. and outlier

10 3•  ?⌃G @0 only if dim. G exists ù barrier

11 3•  ?⌃~ (?⌃G @0) only if dim. G, ~ exist ù barrier

12 3•  ?⌃I (?⌃~ (?⌃G @0)) only if dim. G, ~, I exist ù barrier

13 output  3• · (2⇥41)

2.1 Data Smoothness and Higher Compression
Ratio

RLE, �rst introduced in [18], is a form of lossless compression,
in which sequences of consecutive same-value data elements are
stored as value-count tuples. Such kind of sequences are called
runs of data. RLE’s continuity in the same values can be seen as
a simplistic pattern-�nding method; and its regular access when
checking the next values can greatly help the high throughput on
GPU. Lacking the pre�x property of Hu�man encoding, overheads
from value-count tuple raise our caution to use properly: the data
should be “smooth” enough. Inspired by variogrammethod [19], we
adapt its madogram variant of absolute di�erence against distance
from the starting point,

2W (s1, s2) = var
�
/ (s1) � / (s2)

�
= ⇢ [|/ (s1) � / (s2) |] ,

where / (s) is a spatial random �eld. We further adjust the absolute
di�erence to binary di�erence, de�ned as

binary variance =
⇢

0 Ethis = Enext
1 Ethis < Enext

,

and its expected value per distance is interpreted as RLE roughness,
with its dual (1-roughness) being the smoothness naturally.

In Figure2, we present 3 types ofmadograms, inwhich, the binary
variance against distance is a stable indicator of data smoothness,

(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 most likely symbol relationship.

Figure 2: Smoothness of prequantized data and quant-code, and
smoothness-probability of the most likely symbol relationship can
help determine when to use RLE. For example, a threshold com-
pression ratio can be set to 32 to �nd the desired smoothness, and
the smoothness can be directed to the probability of the most likely
symbol.

re�ecting the root cause that RLE can work. However, due to the
pairwise comparison amid the whole data �eld, even sampled pairs
can much hurt the online processing performance. As such, we can
relate (1) data continuity/smoothness and the compression ratio
(CR) and (2) data smoothness and the probabilityof the most likely
symbol (?1) (Figure2b). With proper ?1 gained from histogram, we
can set a desired threshold, e.g., 32⇥, above which we can perform
RLE. Note that an additional can provide a stable 3⇥ CR. For exam-
ple, FSDSC has an RLE-CR above 25 while ��SZ-VLE-CR is 26⇥ to
29⇥ (esimated) and the additional VLE maks the accumulated CR
above 70⇥ in this case.

2

"smoothies" <=> rate <=> histogram 
e.g., entropy < 1.09 bit, use RLE

Madogram (variogram variant) to 
determine "smoothness"

<latexit sha1_base64="gAeyye5SHe0S9ohCH6Q6kiHgfvg="></latexit>

2� (s1, s2) = var(s1, s2)

=E [|Z(s1)� Z(s2)|]

<latexit sha1_base64="gAeyye5SHe0S9ohCH6Q6kiHgfvg="></latexit>

2� (s1, s2) = var(s1, s2)

=E [|Z(s1)� Z(s2)|]

Specification 
+ V100: 900 GiB/s, 14 TFLOPS 
+ A100: 1555 GiB/s (1.7x), 19 TFLOPS (1.4x)

Lorenzo construction kernels: 
+ 1.48× for 1D, 1.09× for 2D, and 1.45× for 3D 
+ The lowest: 175.8 GB/s to 229.9 GB/s, +30.7% 
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General optimization regarding data path: (1) coalescing load to shared memory 
from global memory, (2) coarsening by assigning multiple items to one thread, (3) in-
warp shuffle, (4) coalescing access to shared memory for out-of-warp data exchange, 
(5) coalescing store to global memory. (NVIDIA::cub is only used for 1D case.)
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+ CESM, error bound at 1e-2, relative to range 
+ Considering the throughput, RLE only can 

perform well enough on some data fields. 
+ can also append VLE for higher reduction rate

1


