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Climate models produce lots of data

.and it’s getting worse!

IPCC Coupled Model Comparison Projects (CMIPs)
« Phase 5 (2013): 2.5 PB of output
« Phase 6 (2018): >20 PB expected (40 PB?)

Storage at NCAR
 More precious than CPU-hours?

INCREASING
COMPUTE
POWER
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Climate models produce lots of data

.and it’s getting worse!

IPCC Coupled Model Comparison Projects (CMIPs)
« Phase 5 (2013): 2.5 PB of output
« Phase 6 (2018): >20 PB expected (40 PB?)

Storage at NCAR
 More precious than CPU-hours?

o9 . . . .
SO, Storage resources are limiting climate
7 @ @ science objectives!

N
i ﬁ Simulation length, output frequency,

ensemble size, output variables, ...
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Data compression

Compression: X —>( Lossless: X = X
Reconstruction: C:}X Lossy: X~ X

« Lossless compression is (relatively) ineffective on CESM data

- Lossy is much better
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Data compression

Compression: X —( Lossless: X = X
Reconstruction: C:}X Lossy: X ~ X

- Lossless compression is (relatively) ineffective on CESM data

« Lossy is much better ... but it makes scientists nervous!
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How to evaluate the effect of lossy

PROCEED compression on climate simulation data?

WITH
CAUTION )

-
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Lossy data compression

Issue: Quantify the error between Xand X

Common “"simple” compression metrics:

« average error (peak signal-to-noise ratio, RMSE, ...)

« pointwise error (max norm)

III

« “eye-ball” norm
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Lossy data compression

Issue: Quantify the error between Xand X

Common “"simple” compression metrics:

« average error (peak signal-to-noise ratio, RMSE, ...)

« pointwise error (max norm)

III

« “eye-ball” norm

Not sufficient for evaluating whether compression has
(negatively) impacted science results.
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What has been done at NCAR so far?
(1) Establish feasibility:

m==) evaluate compression in the context of an ensemble.

The compression-introduced differences should not exceed
ensemble variability!

« choose appropriate compression with ensemble-based
metrics (per-variable)

« impact of compression on solution ijs less than a bit-
perturbation to initial conditions

Posstble!
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What has been done at NCAR so far?

(2) Direct experience:
Provide climate scientists with reconstructed data.

Can climate scientists differentiate between compressed and
uncompressed dat?
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What has been done at NCAR so far?

(2) Direct experience ...
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What has been done at NCAR so far?

(2) Direct experience ...

Top of Model Imbalance 1920-2005
T T T

Main insights:

T
Ens: 31

——Ens: 32

« did not notice a difference using their
standard analysis tools

wm?)

= = = » o * but can detect a difference using the right
(i.e., clever) methods

L

that difference might not matter
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Current: best method for each variable

Determine max compression for each variable that preserves its
scientific value

« Many diverse variables:
« constants, abrupt changes, smooth, # of zeros
. fill values (10%>), NANs, missing values

« Many compression algorithms:
« transform, predictive, statistical, ...

Each type of ‘ specific
vartable: H ‘
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Current: best method for each variable

Determine max compression for each variable that preserves its
scientific value

Goal: automated tool for CESM workflow

Nm e appropriate metrics
QOOS#- — reasonable computation cost
&y « understand compression algorithm properties

« determine important predictive features of data

Each type of ‘ specific
varitable: H ‘
NCAR ‘ Compressing Climate Data

evaluate



Metrics: evaluating information loss

« suite to measure different aspects of data
 not ensemble-based (use only the fields themselves)

(1) Pearson correlation coefficient
(2) Kolmogorov-Smirnov (K-S) test
(3) Spatial relative error

(4) Structural similarity index (SSIM)

H202 (original) H202 (speck_1)
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Final thoughts

NCAR is suffering from too much data:

« science and $$%
« |lossy compression: 4:1 reduction (on average - conservative)

Next:
« determine method-specific parameters (control compression)
— correlate with features
« further refinement on metrics
— temporal features (e.g., extremes)
— derived variables
— human perception study
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Final thoughts

NCAR is suffering from too much data:

« science and $$%
« |lossy compression: 4:1 reduction (on average - conservative)

Next:
« determine method-specific parameters (control compression)
— correlate with features

« further refinement on metrics NO
— temporal features (e.g., extremes) \WORRIES
— derived variables \\Z
— human perception study Y e

Climate scientists compress their
simulation data with confidence!
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Thanks!

Questions, comments, suggestions:

abaker@ucar.edu
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Thanks!
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Comparing two types of compression
CLOUD |

CLOUD.

» large range (8 orders magnitude)
« 22% zeros
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SSIM: human perception pilot study

~Visuwalization Ls essential!

Please choose the appropriate button to indicate if the images are IDENTICAL or if they are DIFFERENT in some way. The SUBMIT
button will appear after all image pairs have been viewed.
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