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Goals

In lossless compression, entropy provides theoretical limit on compressibility of data but there are no equivalent
for lossy compressors

1. Characterize statistics of the data that impact lossy compression, e.g. correlation structures of scientific
datasets, patterns, range of values, ...

2. Explore their relationships, through functional regression models, to compression ratios

-> These models form the first step towards evaluating theoretical limits of lossy compressibility
> how far are existing compressors to optimality
> help optimize compressors
> allow maximum efficiency for storing scientific datasets
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Procedure and quantities of interest PEARELETKEL shcerTe

Performed statistical and compression analysis on several datasets
> analysis of 2D slices as a start
> synthetic 2D-Gaussian samples with controllable correlation structured
> Scientific datasets: CESM, SCALE-LETKF, Hurricane Isabel available on SDRBench [1]

Compressors: SZ [2], ZFP [3], MGARD [4], BitGrooming, Digit Rounding

> compression ratios (impacted by error bound, compressor used, and structures within data)

Statistics of interest: independent of the compressors

> correlation strength across grid-points: truncation level of singular value decomposition as proxy

> variance: value range, variability

> quantized entropy: entropy — Y P(q(z:))log(P(q(z:))) of quantized data va; € z, g(x;) = | 2— mm(mw at given error bound
€

[given sequence of symbols, proi\7i1des average minimum number of bits required to represent data]
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Addition of quantized entropy as explanatory statistics
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-> Quantized entropy enables to further characterize further compression ratios

-> Matching and complementary information to previous statistics




Use of regression models to predict compression ratios

log(CR) ~ spline(correlation/std dev) + spline(quantized entropy) + spline(interaction)

Models trained for each compressor and each data field

CESM cloud - SZ2 abs 1e-05 CESM cloud - ZFP abs 1e-05 CESM cloud - MGARD abs 1e-05 CESM cloud - Bit Grooming abs 1e-05

Predicted CR

Observed CR Observed CR Observed CR Observed CR

> Very good (out-of-sample) prediction of compression ratios based on selected statistics

> Regression model adequate for several studied compressors

> Need to access compression ratios to train these models




Conclusions

e Correlation ranges combined with other statistics: variance or gradient and
guantized entropy, can explain most compression ratios through various
regression functionals for some compressors and given error bounds [1]

o Next: Explore a unified way (across compressors) of expressing compression
ratios as functions of these statistics

o Next: How to go about in a compressor-free framework?
Now, rely on compressors to train regression models
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