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Will we enter the Google regime?

ECMWEF data archive size
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40+ years of numerical weather prediction

How much have we questioned the bitwise representation of our data?

ECMWEF 1979 Digital twins, Stevens 2019
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Schools of thoughts: Data compression

School 1: Transformations School 2: Precision and information theory
(the physical perspective) (the binary perspective)

o Spatial structure

e EFOF « Compute expensive x e Floats; linear or logarithmic quantisation
e Tensor trains * Error bounds difficult (X) * Entropy coding
* Neural Networks ¢ No random access (x) * Lossless compression

Chung et al 2008
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Transformations: TensorTrains

r=g.yL.y®. .ym

(a) Core truncation

Ballester-Ripoll et al, 2019

TTHRESH, 38.6dB, 3.494:1 ZFP, 28.8dB. 160:1 Sz, 30.3dB, 3.482:1

Advantages Disadvantages
o Approximates well smooth data e Expensive (de)compression
e Claim: >1000x compression possible * Changing statistics?

o Unstructured grids?



Neural network compression

Y Lu & K. Jiang & J. A. Levine & M. Berger / Compressive Neural Representations

" Decode
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Advantages Disadvantages

* |nterpolates automatically  Difficult to control the error
o Unstructured grids * Expensive (de)compression
* Error scales with training, i.e. compute e Size impacts the error

 ~1000x compression possible

See Huang, Hoefler, 2023: Compression of weather and climate data into neural networks



Current compression methods: 24-bit linear quantization
split into 2nbits equidistant intervals

min MaXx
Bitpattern histogram NO;: 24-bit linear quantization >7 bits are
Entropy = 16.4 bit :
Free entropy = 7.6 bit effectively unused
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How much information is in the first bit?
~0 bit. Information <= Entropy.



Alternative: Logarithmic quantization

split into 2nbits Jog-spaced intervals

T T

Bitpattern histogram NO;: 24-bit logarithmic quantization
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How much entropy is in the first bit?

~1bit

Oxc00000

Entropy = 23.1 bit

Free entropy = 0.9 bit

0xd00000

Oxe00000

0xfO0000

Ox ffffff

Most bits are
effectively used

Floats are also approximately
log-distributed



Data compression control knobs

(1) -> %

Choose size Get error
-
(2) % —
Choose max error Get size

Compressed data

Information loss + compression combined
Uncompressed data P

Round, lossless independent

© %% n

Choose errors Choose lossless Get size
compressor

-




Data compression: What do we want?

Case 1: Reanalysis data

Important

e Small
 Decompression speed
* Portability
 Random access

Less relevant
 Compression speed

Case 2: Research simulation

Important
o (De)compression speed
 Random access

Less relevant
o Sjze

Case 3: Long storage

Important
o Size

Less relevant

» Portability

* (De)compression speed
 Random acccess




What do we compress?

Histograms of variables in CAMS  Many different variables

»—u’”;— o Varying uncertainties
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What do we compress?

* Many different variables
o Varying uncertainties

e Linear or log-distributed
» Possibly many zeros

e Smoothness varies
Spatially

o Strong gradients

* Point sources

o Unstructured grids
o Spectral coefficients

g7 ¥ e Masked data
o .'.-.A/‘ | p R st TR g e TS s SN — ,_, .......................
Brightness temperature NO; at the surface

Real information in weather and climate data | Milan Kléwer W¥f@milankloewer € ) @milankl | July 26, 2023



What information is there in a dataset?

The real information problem of lossy data compression

Smallest
subset of

) —  Some answer

Dataset
Dataset

Any question Qualitatively the same
researchers ask compared to full dataset




What compression error is okay?

Reall!? False!?

| | 303.3 unit?
303.25 unit + uncertainty — 303 unit?
300 unit?

The acceptable error depends on
» Uncertainty, changes with:
Variable and unit Problem: What is the uncertainty in data and how can it

* Application be estimated if unknown?
e Model and its resolution
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What is real and false information in data?

Problem: What is the uncertainty in data and how can it
be estimated if unknown?

Possible solution:
Find an objective way to separate real and false information!

Reall!? Falsel!?

Encoded in bits

\—/

Real information in weather and climate data | Milan Kiéwer ¥ @milankloewer O @milankl | July 26, 2023




Mutual information of adjacent grid points

-1101000000011000001100001000011000000100...

0 is mostly followed by a O; 1 either remains 1 or switches back to 0.

Joint probability matrix: Poo Poi =p
P g | Pio Pu "

1
N
o O
— O\
—
0D =
N———

Drs B .
Mutual information: M = Z Zprs log, ( ) = 0.2 bit

Pr=rPs=
What does one bit tells about the next? F=r=5=s



Bitwise real information content

defined here as the mutual bitwise information in adjacent grid points

n Gridded data E Data as binary floating-point numbers B Analyse bits in adjacent
| | | grid points for every bit
sign  exponent mantissa bits osition

‘N x = 1.23. = @ 01111111 00110109100011001010001 ’

N\

"E
sign bits 5th exponent bits 8th mantissa bits last mantissa bits
The mutual information M M = 0 bits M = 1 bit M > 0 bit M = 0 bit
between bits in adjacent If all bits are If @ is certainly If 0 is likely If adjacent bits
grid points identical adjacent to 0; adjacent to 0 are
0 and 1 occur and 1 is likely independent

equally frequent adjacentto 1




n Gridded data E Data as binary floating-point numbers B Analyse bits in adjacent
grid points for every bit

Sign  exponent mantissa bits i
position

°N X = 1.23.. = 0 01111111 00110100100011001010001

b\

"E
sign bits 5th exponent bits 8th mantissa bits last mantissa bits
The mutual information M M = 0 bits M = 1 bit M > 0 bit M = 0 bit
between bits in adjacent If all bits are If @ is certainly If 0 is likely If adjacent bits
grid points identical adjacent to 0; adjacent to 0 are
0 and 1 occur and 1 is likely independent
equally frequent adjacentto 1
H Bitwise real information is . 4 entropy
° ° | . S ° ° y
the mutua! information — : false information
between bits real information —
0+ -
sign exponent mantissa bits .
B Rounding't th v
ounding to remove the X = 0 01111111 00110100100000000000000

false information o . : :
alse © Retain bits with >99% of real Remove false information

information in total by rounding trailing bits to O




4 mantissa bits
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e Every variable requires a different precision
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:rounded

._— preserved

Information-preserving compression

information

Water vapour, 1D compression (round-+lossless)

Compression factor
X 21X 39x 57x

100% 99.9% 99.4% 98%
Preserved information

Visual artefacts

99% preserved information

EEEENNNENS 0000 | mixingratiolokgl [

0 5 10 15




Information-preserving compression

One is 15-20x smaller than the other, which has been compressed?

Brightness temperature at 11.45 um a Brightness temperature at 11.45 um

260
Temperature [K]




Prec|p|tat|on Aengenheyster 2022

variable = onginal variable = compressed

\
£
.

latitude [degrees north]

l
N
-

-150 =100 =50 U 20 100 150 -150 =100 =50 0 20 100 150
longitude [degrees east] longitude [degrees east])

Problem: Both smooth and rough data
Solution: Independent information analysis and rounding by region



Variable-precision compression

Higher precision in one region, lower in another?
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The ugly 2?

Sea surface temperature compression error

Compression error
higher in tropics
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Problem: Absolute error vs log encoding
Solution: Adapt encoding to data or variable keep bits



The bad? What about gradients!?

Filtering out insignificant gradients

Brightness temperature Compression:

uncompressed Round+lossless 1D: 14x
- - =3 —

Filters out noise

13 May 2021
. f 2342

282

Insignificant gradients
are removed

Horizontal temperature gradient [K/km]



Workflow

1. Information analysis + Only once offline

* Yields acceptable error bounds

2. Rounding * Very fast

3. Lossless COmpreSSiOn * Any codec can be used

» Flexible size/performance trade-oft

e Chunking possible



Implementations

Julia: BitInformation.jl Python & xarray: xbitinfo Python, netCDF+GRIB netCDF+HDF: NCO
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Application examples

Temperature, 4D compression (zfp)

-30°C -20°C -10°Cc 0°c 10°C 20°C 30°C

Winter precipitation Summer precipitation
uncompressed a 29x compressed b uncompressed ¢ 46x compressed

~-—T

Precipitation rete [mm/hr]

Precipitation from radar data
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¢ keepbits = 8

CMPI6 sea surface temperatures
and ICON-Ocean model output

Brightness temperature at 11.45 um Brightness temperature at 11.45 um

Temperature [K]

Brightness temperature from satellites



