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Brief Overview

} Why compression, why compress model eutputs states? [

How do we compress and which toy models do we use?

What happens if we compress model restart states?

} Lossy compression of model states is safe when ... [




EEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEE

3/17

Why compress?

} General Circulation Model data is growing rapidly

(CMIP6 x 103 for km-resolution [11], larger ensembles, more experiments)

Data compression is vital
Promise of lossy compression using info loss

(higher compression ratio than lossless compression by discarding noise,
e.g. X 1.5—4 (fpzip, lossless) vs x 100 (ZFP, lossy) [5])
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Why not compress model outputs?

} Most research focuses on compressing outputs

(e.g. compressing output variables with different precisions [4, 10])
What level of compression is safe?
(differs per-variable & for visualization vs computing derivatives)

We instead compress model (restart) states

@-O—0@-0 @O

i| Compress
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Why compress toy model states?
} Restart files are a form of lossless compression

(rerunning the model reproduces all outputs)

Lossy-compress model states every nt' timestep

(extreme case: no cross-timestep compression; extends
ESIWACE3 hackathon with UH+NeSC [12] and builds on [3])

Examine the impact on dynamics in toy models
(extreme case: 1-3 variables only & low dimensionality and size)

-0 — @O @O

i| Lossy Compress
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Research Question

| Can lossy compression be
safely applied to model states?

How are model dynamics impacted?
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Compression Codecs
} . Stochastic Round: Per-element [

|dealised codec with noise and round, compression is separate

ZFP: Transform-based [2, 8]

42 blocks are normalised, bitplane-truncated, and compressed

| %823: Prediction-based [6, 7, 14] |

Lorenzo predictor errors are quantized, encoded, and compressed
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F64 Model run Bit Information [4]

TOY MOdElS 99% BI: [60.0b | 26.8b] / 64b

Shallow Water Model (1D | 2D)

Homogeneous and incompressible shallow-depth fluid (h, u, v)

Lorenz'63 (1]

Chaotic, simplified 3-scalar model of atmospheric convection

Lorenz'96 [13] ="'

Chaotic, K-sized 1-variable model with NWP-like error growth
Variants: original, with smaller scale, Wilks'05 [9] parameterisation

99% BI: 60.9b / 64b

|
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Hypotheses
} (H1) Lossy compression increases numerical instability [
(H2) Higher-resolution & -dimension states compress more

(H3) Lossy-compression errors relate to perturbations

} (H4) Stochastic ensembles may be lossy-compressed safely [
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(H1): Decrease in Numerical Stability

Min/Max u-wind Height field RMSE Compressor Error Bound
5 —r= — ' 1073
+1()11g
+10°+
+107 106
u[m/s] 0: -
_10—15 — 1077
~10° _
_1015 —_— 10—12

Time t[10° s ~ 11.5 days] Timet[106s ~ 11.5days] without compression
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(H1): Decrease in Numerical Stability

Lossier compression makes the 1D /. unstable earlier, compensating with
lower loss is only possible while the original model is stable

Min/Max u-wind Height field RMSE Compressor Error Bound
—r= — ' 1073

+101 'f’ 1
+10°+ 4

+1071+ e 1076

ulm/s] 0] h [m]
Jo-1dRTRRISRY “ RMSE — 1079
_100% \\\ _
—1011 ; — 10-12
0.0 05 1.0

Time t[10° s ~ 11.5 days] . Timet[106s ~ 11.5days] without compression

Equivalent results for =, , and "I‘*zﬁ and 1D and 2D /.,
Higher-order time extrapolation helps but does not lessen the loss impact
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(H2): Low compression ratios

M'0d9| RESOIA‘{“O" Ax Stochastlc Round
with (Cu ~ — = const)

- A 1 km
N V10 - 1 km
10 km
- V10 - 10 km
- 100 km

ZFP

10™* 107® 1078 0  Compressor Error Bound 10~*
i N 2 | | |
0.0 0.2 0.4 0.6 0.8

_ Time to Instability [10® s ~ 11.5 days]

. S

/3
1076

10780

1.0
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(H2): Low compression ratios

Model Resolution Ax

with (Cu ~ 2—; = const)
- 1 km

a V10 - 1 km
10 km

- V10 - 10 km
- 100 km

ﬁ Stochastic Round

ZFP /3
1076

10™* 107® 1078 0  Compressor Error Bound 10~* -
0.0 0.2 0.4 0.6 0.8

Time to Instability [10® s ~ 11.5 days]

. S

10780

1.0

Final RMSE

102
10t
100
1071
1072
0
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(H2): Low compression ratios

Final RMSE
102
10t
10°
1071
1072

Model Resolution Ax ﬁ Stochastic Round
with (Cu ~ 2% = const) +
i Ax

1 km

a V10 - 1 km
10 km

- V10 - 10 km
- 100 km

10™% 107® 1078 0 Compressor ErrorBound 10™* 107°® 10780

. B
0.0 0.2

0.4 0.6 0.8 1.0
_ Time to Instability [10® s ~ 11.5 days]
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Model Resolution Ax

with (Cu ~ 2—; = const) _+
- 1 km

a V10 - 1 km
10 km

- V10 - 10 km
- 100 km

10~*

0.0

(H2): Low compression ratios

ﬁ Stochastic Round

10~

0.2

1078 0

0.4 0.6 0.8
Time to Instability [10® s ~ 11.5 days]

Final RMSE
102
10t
10°
1071
1072
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(H2): Low compression ratios
Higher loss and high resolution make the 1D / unstable earlier,

best

- compression with B and high resolution and high loss and stable model

Mode RESOIALiﬁon Ax .+ Stochastic Round A ZFP % SZ3 Final RMSE
with (Cu ~ = const) 102
- 1 km 42
101
B V10 - 1 km
100
10 km
1071
= V10 - 10 km 10-2
100 km
| 0
1078 0 Compressor Error Bound 10~ ;&
0.0 0.2 0.4 0.6 0.8 1.0
, Time to Instability [10® s ~ 11.5 days]
} Compressing 2D / roughly doubles the compression ratio
Compressing state variables (h, u, [v]) together only has marginal benefits

|
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(H3): Analogy to initial perturbations

H
: Stochastic Round ZFP % SZ3
max: 50 1 . ]
40 : :
Time-to- 30';
Deviation 90 ] :
10 perturbation 6X
] — (6x4,0.0,0.0) —— (0.0,6x,,0.0) —— (0.0,0.0,6x3) =—— compressed

107 107° 1073 Perturbation / Compressor Error Bound 107° 1073
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(H3): Analogy to initial perturbations
The impact of lossy compression on time-to-deviation linearly relates to

the impact of initial state J.erturbations in and© (original)
j| _f Stochastic Round | ZFP % SZ3
max: 50-:
40
Time-to- 30';
Deviation 20_; -
10 perturbation 6X
] — (6x4,0.0,0.0) —— (0.0,6x,,0.0) —— (0.0,0.0,6x3) =—— compressed
107 107° 1073 Perturbation / Compressor Error Bound 107° 1073
} Difference is larger for smaller At and smaller for more chaotic origins
Also, high-loss compression increases sensitivity to initial perturbations
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(H3+H4): Replacing model perturbations with compression

Bias wrt. Fair-CRPS (mean across run)
Lorenz’96 { F = 8} 10°

1073
107°
10~°
10—12

107>
0

1 Lol o somd soumed ool voomed soomed ool sosmed vomed soond svomd o soimd vovd soned 4

''''''''''''''''

107 10710 107*
Perturbation / Compressor Error Bound (#1)

F=8

F =N(8,%/4-#1%) x ZFP(%/, - At - #1)

F=N(8,3/y -#1%) x ZFP(Y/,- At - #1)

—— F = N(8,%/,-#12) x ZFP(%/,- At - #1)

— F = N(8,1/,- #1%) X ZFP(3/,- At - #1)

— F =N(8,%,-#1%) x ZFP(*/,- At - #1)
Y ¥

Stochastic Physics Lossy Compression
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(H3+H4): Replacing model perturbations with compression

Bias wrt. Fair-CRPS (mean across run) For comparison,
) _ ) ! —_ 2
Lorenz’96 { F = 8} 10° ] 0.7 Lorenz’96 { F = N(8,#1°) }
~3 1 - 0.6
10 ] H o T F =N(8, #12)
1076 1 I F =28
g 1 i+ 0.4 4 2
109}: e F=N(8,%/4-#1°) x ZFP(%/, - At - #1)
10-121 oo F=N(8,3/, -#1%) x ZFP(Y/, At - #1)
! e —— F = N(8,%/, - #12) x ZFP(?/,- At - #1)
1075 1 - 0.1 1 ) 3
: ) — F =N(8,1/, - #12) x ZFP(3/,- At - #1)
' — F = N(8,%, - #12) x ZFP(*/,- At-#1),

107t 1071 107* J Y
Perturbation / Compressor Error Bound (#1) Stochastic Physics Lossy Compression
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(H3+H4): Replacing model perturbations with compression
Substituting stochastic physics in a ¢ - ensemble with lossy compression

has equivalent fair-CRPS / RMSE / Skill-Spread performance with
j| Bias wrt. Fair-CRPS (mean across run) For comparison, |:
Lorenz’96 { F = 8} 100 1 0.7 Lorenz’96 { F = N (8, #12) }
1073 E : gg ..... F = N(8, #12)
107° 1 {1 F=8
3 b 0.4
1077 P F =N(8,%/4-#1%) x ZFP(%/, - At - #1)
10_12}: ! _ 02 F = N(8,3/4'#12) X ZFP(1/4_At#1)
e ] 01 —— F =N(8,%/, - #1%) x ZFP(%/,- At - #1)
10 1 F Y ——r _ 1 2 3
0 ] » F=N(8 1Y, #12) x ZFP(3/,- At - #1)
—— F = N(8,%, - #1%) x ZFP(%/,- At - #1),
1016 10—10 1074 v Y
Perturbation / Compressor Error Bound (#1) Stochastic Physics Lossy Compression
} Equivalent results for ., (slightly worse) and t:‘:ﬂ(sllgh’tly better). [
Adding lossy compression to stochastic physics increases stochasticity.
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Ensemble Size
_ 26
5.
- Lorenz'96 { 54'_
F = 8 23;_
} 22,
— Lorenz'96 Wilks'05 { 76 -
F =8, 25
o, = 0.1, 24
| ¢ = 0.5, 23 -
bi==0, 22’
) 2t

(H4) Little help from larger ensembles

R

Stochastic Round E ZFP % SZ3

H

2—10

2714 27'% Compressor Error Bound 27° 271 2718

1.0
0.8
0.6
0.4

gg Spread
1.0 Skill

0.8
0.6
0.4
0.2
0.0
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(H4) Little help from larger ensembles
Larger ensembles can minimally compensate spread/skill from higher loss

Deterministic ensemble preferslow loss, Wilks'05 prefers higher loss
j| Ensemble Size : Stochasfuc Round R ZFP - % _SZB |:
26 — 1.0
Lorenz’'96 { 22' | -0.8
F=8 23'_ } -0.6
\ 2° - I -0.4
22__
21 5 B | 11 | | | RS | | | | [8% Spread
Lorenz'96 Wilks'05 { 56 . ] | W10 Skil
F=38, 2% - - 0.8
o, = 0.1, 2% . T -0.6
¢ = 0.5, 23 - : : 0.4
b; =0, 221 T | 0.2
) 2'1 Il CE B Y e
2710 2714 2718 Compressor Error Bound 22 271 2718
Larger ensembles cannot compensate fair-CRPS & RMSE from higher loss
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Compression

error bound
— 2—10
2—12
2—14-
2—16
2—18
. 2—20

- without

Caution on compression frequencies

Compress every timestep,

max Varying error bound

RMSE
10° =

101
1072
1073
104

Time t [days]
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Compression

error bound
— 2—10
2—12
2—14-
2—16
2—18
. 2—20

- without

Caution on compression frequencies

Compress every timestep, 10710 error bound,

may Varying error bound varying frequency Compression frequency
RMSE (every nth step)

10° ——— — 2°
1071 2,
1072 22
1073 38
104 510

e - without

Time t [days]
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Caution on compression frequencies

Compression Level & Frequency have very similar impacts on RMSE / ensemble
spread / spread-skill / fair-CRPS growth in and -~ with

Compress every timestep, 10710 error bound,

varying error bound

Compression max varying frequency Compression frequency

errorbound  RMSE (every n" step)
—27 10° = —2
2—12 10-1 22
o—14 L0-2 24
2-16 10-3 26
2-18 28
_ 104 910
— 220 —2
- without 0(') """" 0 20 30 without
Time t [days]

With tt"zﬁ, the error bound is slightly more important than frequency
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Caution on compression frequencies

Compression Level & Frequency have very similar impacts on RMSE / ensemble
spread / spread-skill / fair-CRPS growth in

Compress every 15 days,

i| Compression max
error bound RMSE
-2 10°;
2—14 10_1%
2—16 10_2 _
;—18 10_3 _
—4 ]
— 520 10
- without 0

varying error bound

1029 error bound,

varying frequency o, oression frequency

0 10 20 30 0 10 20 30
Time t [days]

and with

(every nth step)

With tt":ﬁ, the error bound is slightly more important than frequency
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Conclusions

(H1) Low loss is needed to retain numerical stability

(H2) Per-variable, per-timestep compression is insufficient

(H3) Lossy-compression relates to (initial) model perturbations

} (H4) Larger ensembles / infrequent restarts cannot hide loss
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Lossy compression of model (restart) states can
be safe iff the compression error replaces
stochastic initial state / model perturbations

Thank:you!

0000-0002-7923-9609 juniper.tyree@helsinki.fi ) juntyr

Disclaimer: Funded by the European Union. Views and opinions expressed are however those of the author(s) only and do not necessarily reflect those of the European
Union or the European High Performance Computing Joint Undertaking (JU). Neither the European Union nor the granting authority can be held responsible for them.

* 5

Rl e Funded by the European Union. This work has received funding from the Codiihded b "
PO EuroHPC European High Performance Computing Joint Undertaking (JU) under grant fiva Europear): Gt &. | INAPB )

E* e, & agreement No 107093054




C esiwace 18/17

EEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEE

References

[1] Baines, P. G. (2008). Lorenz, E.N. (1963). Deterministic nonperiodic flow. Journal of the Atmospheric Sciences 20, 130-141. Progress in
Physical Geography: Earth and Environment, 32(4), 475-480. Available from: doi:10.1177/0309133308091948.

[2] Diffenderfer, J., et al. (2019). Error Analysis of ZFP Compression for Floating-Point Data. SIAM Journal on Scientific Computing, 41(3):A1867-
A1898. Available from: doi:10.1137/18M1168832.

[3] Fox, A., et al. (2020). Stability Analysis of Inline ZFP Compression for Floating-Point Data in Iterative Methods. SIAM Journal on Scientific
Computing, 42(5), A2701-A2730. Available from: doi:10.1137/19M126904X.

[4] KIwer, M., et al. (2021). Compressing atmospheric data into its real information content. Nature Computational Science, 1, 713-724. Available
from: doi:10.1038/s43588-021-00156-2.

[5] Lawrence Livermore National Laboratory (n.d.). Floating Point Compression: Lossless and Lossy Solutions. Available from:
https://computing.linl.gov/projects/floating-point-compression [Accessed: 13t May 2024].

[6] Liang, X., et al. (2018). Error-Controlled Lossy Compression Optimized for High Compression Ratios of Scientific Datasets. IEEE International
Conference on Big Data (Bigdata 2018). Available from: doi:10.1109/BigData.2018.8622520.

[7] Liang, X., et al. (2023). SZ3: A modular framework for composing prediction-based error-bounded lossy compressors. IEEE Transactions on
Big Data. Available from: doi:10.1109/TBDATA.2022.3201176.

[8] Lindstrom, P. (2014). Fixed-Rate Compressed Floating-Point Arrays. IEEE Transactions on Visualization and Computer Graphics, 20(12):2674-
2683. Available from: doi:10.1109/TVCG.2014.2346458.



https://doi.org/10.1177/0309133308091948
http://doi.org/10.1137/18M1168832
https://doi.org/10.1137/19M126904X
https://doi.org/10.1038/s43588-021-00156-2
https://computing.llnl.gov/projects/floating-point-compression
https://doi.org/10.1109/BigData.2018.8622520
https://ieeexplore.ieee.org/abstract/document/9866018
https://doi.org/10.1109/TBDATA.2022.3201176
http://doi.org/10.1109/TVCG.2014.2346458

C esiwace 19/17

EEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEE

References

[9] Lorenz, E.N. (1995). Predictability: a problem partly solved. Seminar on Predictability, 4-8 September 1995. ECMWF. Available from:
https://www.ecmwf.int/en/elibrary/75462-predictability-problem-partly-solved [Accessed: 18th March 2024].

[10] Sather, H., et al. (2022). What can real information content tell us about compressing climate model data? 2022 IEEE/ACM 8th International
Workshop on Data Analysis and Reduction for Big Scientific Data (DRBSD), 29-36. Available from: doi:10.1109/DRBSD56682.2022.00009.

[11] Schar, C., et al. (2020). Kilometer-Scale Climate Models: Prospects and Challenges. Bulletin of the American Meteorological Society, 101(5),
E567-E587. Available from: doi:10.1175/BAMS-D-18-0167.1.

[12] Tyree, J., and Azizi, V. (2023). Exploring online compression with the Lorenz96 model (v1.0.1). Zenodo. Available from:
doi:10.5281/zenodo.10209708.

[13] Wilks, D.S. (2005). Effects of stochastic parametrizations in the Lorenz '96 system. Q.J.R. Meteorol. Soc., 131:389-407. Available from:
doi:10.1256/qj.04.03.

[14] Zhao, K., et al. (2021). Optimizing Error-Bounded Lossy Compression for Scientific Data by Dynamic Spline Interpolation. Proceeding of the
37th IEEE International Conference on Data Engineering (ICDE 21). Available from: doi:10.1109/ICDE51399.2021.00145.



https://www.ecmwf.int/en/elibrary/75462-predictability-problem-partly-solved
https://doi.org/10.1109/DRBSD56682.2022.00009
https://doi.org/10.1175/BAMS-D-18-0167.1
https://doi.org/10.5281/zenodo.10209708
https://doi.org/10.1256/qj.04.03
https://doi.org/10.1109/ICDE51399.2021.00145




