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1.4 Gyear

application data scale bottleneck reduce by
use up filesystem
HACC 20PB  ccccivicy 10%
cosmology simulation  one-trillion-particle Mira@ANL in need
(o) 5h30m
CESM 50/) vs 20% to store 1 ox
climate simulation storage in hardware NSF Blue Waters in need

budget, 2017 vs 2013 1-TBps I/O
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Lossy Compressors for HPC

2 . 1 (FP-type) 1 0: 1 or higher

lossless on scientific datasets reduction ratio in need

industry high in reduction rate,
lossy compressor (JPEG) but not suitable for HPC

absolute error bound (infinity-norm)
ointwise relative error bound

;; Figure from P. Lindstrom (LLNL)
i; RMSE error bound (2-norm) Lossy compression for scientific data at varying
5)

need diverse

compression modes
P fixed bitrate reduction ratio (10:1 to 250:1, left to right)

satisfying post-analysis requirements
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Issues of the SOTA Compressors
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SOTA GPU error-bounded lossy compressors suffer from:

Low quality rooted in fixed-rate method

Seen in cuZFP with limited bit budget
Slightly higher in throughput compared with cuSZ and MGARD-GPU

At a high cost of much lower compression quality
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Issues of the SOTA Compressors [ S MVERsITY - Argonne ¢

SOTA GPU error-bounded lossy compressors suffer from:

Low throughput rooted in Huffman encoding
* Seen In cuSZ and MGARD-GPU.
« Huffman encoding being a long pipeline: multiple kernels, resulting in low throughputs.

« Challenging to parallelize in a fine-grained manner

- Low-throughput
- Long pipeline
|

(kernel 3) (kernel 4)
(kernel 1) 8.0%; 363.3 GB/s (kernel 2) 49.2%: 58.8 GB/s 21.9%: 132.3 GB/s
————————————————————————— 5.2%; 551.5 GB/s

28.9 GB/ {
s . | eb-compliant predict h Huffman Huffman o _h o
-——- |
cuSz ' | (pre)quantize (post)quantlze W codebook encoding ".\ _aic_ I_Vf iy

\ . (kernel 5) 15.8%; 183.4 GB/s |

outher
—— gatheroutlier - - - - - - - - - - - - - - - - -~ !
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Our Solution: FZ-GPU [ i s Argonne ¢

1. Inspired by cuSZ, we apply the dual-quantization in the first stage
2. Instead of using Huffman encoding as cuSZ, we utilize bitshuffle
3. We propose a fast lossless encoding kernel specifically for our pipeline
4. To save the data movement time between CPU and GPU, we use kernel fusions
k 1 k 1
(kernel 1) 8.0%; 363.3 GB/s (kernel 2) 49.(2%?1.51;8 2})13/5 21.9(%?;;1;34C)}B/s
28.9 GB/s o m T mmm e mmm— oo — oo - \ 5.2%; 551.5 GB/s
. | eb-compliant predict ! hist Huffman Huffman T _ht O
cuSz ' | (pre)quantize (post)quantize | | codebook encoding [~~~ T Arenve
S _ —— . '(kernel 5) 15.8%; 183.4 GB/s i
outlier : }.
----------------------------------
(encoding kernels)
A7 . GB/
(fused kernel 1) 16.6%; 570.1 GB/s (fused kernel 2) 48.3%; 196.3 GB/s , ES_IT _27_0_5 - S; \
94.8 GB/ " . A ' [
° i | eb-compliant predict ool mark all- | : : ST
FZ-GPU | (pre)quantize (post)quantize | | | zero blocks ! =~ -» archive |
| - g ol
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Design Details
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original data

prequantization (no RAW)

Dual-auantization and prediction

on prequantization set
£-prediction results in unit weight
prediction (no RAW)

. _/ .
L ] =
B i e M W SE Sl
.4/’77/ =7 %"’* ,Tﬂ’ $ -
L ’ = - >
.2. \ [ ~a
floating-point representation in units of eb

% <

~
kg
o

-

~ o e
<>

s > -~

o N -~

= >

-

?

in units of eb (unchanged)
postquantization (no RAW)

- — =<

————

(encoding kernels)
35.1%; 270.5 GB/s

Argonne
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94.8 GB/s { \ ‘ I I
' - i i Lo ! i | prefix-sum | . mm - .
FZ.GPU | eb compha}nt predlct‘ mark all | , - L arehive
. | (pre)quantize (post)quantize o zero blocks | | : : L
( — N
Byte 0:/0/0 0 0 0 1 01 New Byte 0: [0 0... 0 Compressed 0: |0
Byte 1:{0/0/0 0 0 1 1/0 NewByte1: 0 0...0 Compressed 1: |0
o
Byte 7:{0j0/0 0 0 1 11 New Byte 7: |1 0... 1 Compressed 7: | 1//1 0... 1
N J
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Algorithm Level Optimizations L 20N NvERsTY - Argonne ¢
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1. Optimizing dual-quantization
2. Optimizing bitshuffle on GPUs

3. Fast lossless encoders and kernel fusions

HPDC '23 June 21,2023 FZ-GPU 8



Optimizing Dual-Quantization K 2o vers™ - Argonne ¢

1. Avoid separately handling outliers for high performance
— One less branched data path

2. Use 1 bit to denote the sign of each quantization code instead of using 2's complement
— Much fewer set bits (1's)

:I Outliers Outliers !
! Original et 256 0 256 :
, Dual-quantization A ALA = > A A I
e ,'
1 Optimized -256 0 256

Dual-quantization A AA > A A

—> 11111011 (2'scomplement)

P
Oalns

————+ 10000101 (ournotation)
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Optimizing Bitshuffle on GPUs

* Use a warp-level vote function to
shuffle bits to resolve data access
conflicts

» Store the result locally to enable
coalesced memory access

* Fully leverage shared memory in
each thread block

HPDC 23 June 21,2023 FZ-GPU
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with padding
Input
Sequence [ 8 Byti‘ [ 8 Bytes ] [ 8 Bytes
R R O
Byte0—> : 0 \: 0 |: 0 o0 0 1 0 : 0
\ | | I
| 1! ! I | I
! B B | ! I
Byte1— [0 (0! 0, 0 0 1 0 1]
I o
| | | |
Byte2— 0 10 :'0 0 0 1 1 !0
| | | |
Lo o
! 1l 1! I ! I
! 1l B I ! I
! 1! B I ! I
[ | L | [ !
| | | |
Byte7— [0 0 /0 0 0 1 0 |1
LS A A B ! J
\ NN

e
/
™~

Chhink 7

Output S - S (
Chunk 0 || Chpunk 1 Chpnk 2
Sequence _L._] L._] L._]

A simplistic fine-grained parallel bitshuffle
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Optimizing Bitshuffle on GPUs

* Use a warp-level vote function to
shuffle bits to resolve data access
conflicts

» Store the result locally to enable
coalesced memory access

* Fully leverage shared memory in
each thread block

HPDC 23 June 21,2023 FZ-GPU
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with padding
|
Somence | 10248 ) ([0 [0z |
, A \
write back to
2) bufCy1C0] 4[__ba110t_sync(buf) ] read by
(M
Lo s s/ N
y=0| ud ud ud Uk Ud | (padding
T T T I I T I
| 11 11 | | (| |
y=1 | u4 || us || u4 | L u4 || u4 | (padding)
l x | I l x I
| 1| 1 | | | (| |
y=2 Cud o ud o ud L u4 || ud | (padding)
l & R I l R I
l & R I I X | (padding)
| 11 (| | | (| |
| (I (I | | (I |
| (| (| | | (| |
y=31 | u4 ' ud ' u4 L ud Il ud | (padding)
\____ )y \____ry\t____2) \__ ) \____)
\ | | | \ )
Sequence L e ' ____C_h_lmko R |
Our scalable GPU
bitshuffle method. u4 stands for 11

4-byte unsigned integer type.




Fast GPU Lossless Encoder & Kernel Fusion [ '0AWAUNVERsTY - Argonne &5
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* Partition data into chunks and iterate all data blocks

* Record whether all values in one block are zeros (use 1 bit to denote) and copy
data if not all zeros

* Fuse bitshuffle kernel and the first phase of our encoding to save one time of
global memory access

4 )
with padding
Input [
Block 0 H Block 1 ][ Block 2 ] -
(fused kernel 2) 48.3%; 196.3 GB/s Sequence
______________________ > ByteFla
{ | Y g
I bt h ﬂl mark all— I Array [ Flag 0 H Flag 1 ],[ Flag 2 ]
| zero blocks | | BitFlag n"‘/‘—%_/\/ \
/ [T |
D e e e i Arra =ttt —
\. Y J
Encoded a

Data [ BitFlags ][ Block 0 ” Block 1 ]

Figure 6: Our proposed fast GPU encoding method.
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Evaluation [t Argonne
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IU BigRed 200 HPC Cluster node Metrics
*  2x 64-core AMD EPYC 7742 CPUs at *  Compression ratio
2.25GHz . «  Compression throughput

« O Il th hput/data t f t
» 4 NVIDIA Ampere A100 GPUs (108 verall throughput/data transfer rate

*  Quality of reconstructed data
SMs, 40GB), CUDA 11.4.120.

FIELD DATA SIZE #FIELDS

. datasets dimensions examples(s)
Workstation

COSMOLOGY 1,123.81 MB 6 in total

« 2x 28-core Intel Xeon Gold 6238R HACC 280,953,867 XX, VX

CLIMATE 25.92 MB 70 in total

CPUs at 2.20GHz. CESM 1,800x3,600 CLDICE, RELHUM

COSMOLOGY 536.87 MB 6 in total

- 2x NVIDIA GTX A4000 GPUs (40 SMs, ~ NYx 512x512x512  baryon_density

CLIMATE 100 MB 13 in total

16 GB), CUDA 11.7.99. HURRICANE 100x500x500  CLDICE, QRAIN

QUANTUM CIRCUITS 630.74 MB 1in total

QMCPACK 7,935%69%288 einspline

PETROLEUM EXPLORATION 189.50 MB 16 in total

RTM 449x449%235 snapshot_1200
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Evaluation: Compression Throughput

Compressor Throughputs on A100 GPU for Range-Based Relative Error Bounds
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Evaluation: Optimizing Kernels

CESM

g 2 .
+ 400 - i 400 - 2
g 1 7 P 7
g P 7 % -
E 200 ¥ o 200 - ,
0- 17 L 0- ]
le-3
Nyx
z 600 -
S 600 - . 5 %
H 2 4 B
® 400 - B ¢ P 4001 g
2 . g y /
5 200 - 8 d g 200 r40Y
E: .:: E% 3 g B o
q , 7 ] 0- L 1%
le-3

5e-3

"% fofe

Ofe

Hurricane

600 -

R

Te-3 S5e-4 Te-4

pred-quant-v1 CO9Y bitshuffle-mark-v1 prefix-sum-encode-v1
B8 pred-quant-v2 ¥ bitshuffle-mark-v2 77  prefix-sum-encode-v2

Dual-quant Kernel fusion
1.7x speedup 1.1x speedup

HPDC '23 June 21,2023 FZ-GPU

400 - 1]

200 - 1]

400 - §

200 -]
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HACC

Prefix-sum

1.9x speedup

TRy
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Evaluation: Overall Throughput [ onsonveRsiY - Argonne ¢

FZ-GPU achieves the best overall 4 1 1
GPU-CPU throughput on almost all T pperanr = ((BWXCR) +Tcomp)

datasets and evaluated relative error

bounds GPU-CPU Data Transfer Throughput in GB/s for Range-Based Relative Error Bounds
CESM Hurricane HACC
100 - 100 = 100 -
)
<o}
o T75- 75 -
E %
£ 50- 5 = 50 - 5
Ed oo o &3 i
E & & ] 5%
£ 25- 5 i 25 -
0- i %5 0= &
le-3 le-2
QMCPACK
125 -
_ 100 -
2 o
= 100 - 5
3 75 -
3 foget
E) 50 - 5
b 7 0- 5
-3 le-2 le-4 le-2

MGARD-GPU £ cuSZ A4 cuZFP B cuSZx H FZ-GPU

Figure 11: Overall CPU-GPU data-transfer throughput of cuZFP, cuSZ, cuSZx, MGARD-GPU, and FZ-GPU on NVIDIA A100.
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Evaluation: Compression Ratio & Quality [ 22aawesm  Argonne &0

more compressible

<
higher 4 120 F
quality
100
o
Z
o9 80 I
Q.
60 I
40

—o— cuSZ - - cuZFP —e— FZ-GPU
----- % MGARD-GPU & cuSZx

HPDC 23 June 21,2023 FZ-GPU

Rate-distortion

bitsof(Type)

Defined as

comp. ratio

- Integrate evaluations of
compression ratio and data
quality.

o |f fixed-rate mode, the
quality is linear to the
bitrate (ZFP)

*  QOur compressor is

superlinear at the highly

compressible end.

18
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%
120 -t CESM ... | Hurricane .. HACC 1 120
e h *

o 100 - ' 1 100
p

w 80 4 80
[l

60 4 60

40 40

120 | 4 120

o 100 | 4 100
Z

w 80 | 4 80
[l

60 4 60

40 1 1 1 1 1 1 40

1 2 3 4 5 6 7 8 9 123 456 7 8 910111213141516 1 2 3 4 5 6 7 8
Bitrate
—o— cuSZ - - cuZFP —e— FZ-GPU Rate-distortion of five lossy

..... - MGARD-GPU & cuSZx cCompressors.
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Evaluation: Compression Ratio & Quality

* FZ-GPUis up to 1.1x higher 1

N

)

100

than cuSZ and 1.7x higher =

than cuZFP on average. -
* FZ-GPU has an average

compression ratio

improvement of 2.4x and z

4.3x higher compression ratio

40

at most than cuSZx.

« MGARD-GPU, similar curve in
RTM dataset. But much lower
compression throughput.

HPDC '23 June 21,2023 FZ-GPU
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'CESM .. * | Hurricane , ... " HACC { 120
e x
‘ * e * .‘_9 P * o o 100
g ® i
/,v@" ._',@’ /O/// 80
- f°®/ @ 2 { 60
/5 o
" . N A “
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Nyx L | amcpAck RTM P -
* *
e e ® 1 100
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*° - * o
2o e o7 e ® - 80
& N ©
@---"Q'“. o - 60
e 1 L 40
1 2 3 4 5 6 7 8 9 123 4567 8 910111213141516 1 2 3 4 5 6 7 8
Bitrate
—o— cuSZ - - cuZFP —e— FZ-GPU
----- *-- MGARD-GPU @ cuSZx
Rate-distortion of five lossy compressors.
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Evaluation on Distortion [ noian, Arggmgﬁ%

SSIM: PSNR advantage of FZ-GPU
FZ-GPU has the * VS cuZFP/cuSZx: 1.3X/1.1X higher

highest SSIMamong  « VS MGARD-GPU: multi-grid-based MGARD-GPU has slightly
all compressors better quality at a high cost of 13.34x FZ-GPU kernel time

Original, Zoomed-in FZ-GPU/cuSZ cuZFP cuSZx MGARD-GPU
0 0 0 0 0
50 4 50 4 50 50 4 50
. ' . ) 4 . ' ]
1004 - 1004 - 100 1004 - 1004 -
s | o, | | oy | o |
7, 7, ”, 7,
150 . 150 1 . 150 1 150 4 . 150 = E
- b b
200 A 200 A 200 A 200 4 200 4
250 T T T T 250 T T T T 250 T T T T 250 T T T T 250 T T T T
0 50 100 150 200 250 0 50 100 150 200 250 0 50 100 150 200 250 0 50 100 150 200 250 0 50 100 150 200 250
Data extent = [:250, :250] PSNR: 63.80 dB, SSIM: 0.9996 PSNR: 47.91dB, SSIM: 0.9977 PSNR: 57.80 dB, SSIM: 0.9906 PSNR: 69.47 dB, SSIM: 0.9994
.. Compr. Ratio: 22.8/27.0 Compr. Ratio: 22.8 Compr. Ratio: 22.1 Compr. Ratio: 22.4
Original
~T £ £ 10°] £ £
;‘,{23‘ . S 0t [ FZ-GPU/cuSZ 5 3 cuzfp S 10 [ cuSZx 3 [ MGARD-GPU
T Iregiormo T B S T .. 4 7 3
o5 s nlerst wf [ Original uf ) [ Original ué [ Original ué [ Original
- . (zoomedlin) £ 102 2 1071 2 102 - £ 102
£ S S £
> =] =) =]
500 T z T T T z z T T T z T T T
0 250 500 0.0000 0.0002 0.0004 0.0000  0.0002  0.0004 0.0000 0.0002 0.0004 0.0000 0.0002 0.0004
Data Value Distribution Data Value Distribution Data Value Distribution Data Value Distribution

Figure 12: Reconstructed data quality using various GPU-based lossy compressors on field QSNOWf48 (slice 50) in the Hurricane dataset, under a
similar compression ratio. The first row shows the visualization of the region of interest, while the second row shows the data distribution
comparison between the decompressed and the original data for each compressor. 21



Conclusion & Future Work

In this paper, we design a new compression

pipeline that consists of

dual-quantization
bit-shuffle
fast lossless encoding.

We also propose a series of architectural

optimizations, including

HPDC 23 June 21, 2023

warp-level optimization for bitwise
operations,

maximization of shared memory utilization,
and multi-kernel fusion.

FZ-GPU

m INDIANA UNIVERSITY

BLOOMINGTON

Argonne

In the future, we plan to

1.

exploit fusing all GPU kernels into
one to improve the performance
further,

adapt FZ-GPU to other GPU platforms
by using code translation tools such as
HIPFY for AMD GPUs and SYCLomatic
for Intel GPUs

Evaluate FZ-GPU with real-world
applications requiring fast
compression, such as memory
compression.
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github.com/szcompressor/FZ-GPU
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