QOLMAT : THE TOOL FOR DATA IMPUTATION
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MOTIVATION OBJECTIVES

Missing data imputation is a critical step in machine learning

pipelines, having a major impact on the final performance. Qolmat is a Python library which can be seamlessly integrated
Qolmat brings together dispersed imputation methods, allows into standard data processing pipelines.

to compare them on any dataset and puts a focus on the

imputation of multivariate time series. Standardization Qolmat provides a scikit-learn compatible

library for many imputation methods, from the more standard
to the more advanced. It is now much easier to try state of the

s M‘M MMM art or custom approaches on your missing data.
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5 : Benchmarks Qolmat incorporates a Comparator class,
Z 110 ““m “' 'Mhll l“ which assesses several reconstruction metrics for a variety of
2 118 e mmen  maan  wwn mwn imputation methods by cross-validation, on the provided dataset.
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reconstruction errors such as MAE and distribution errors
assessing the discrepancy between reference and generated
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IMPUTATION EXAMPLES BENCHMARK EXAMPLE

Robust PCA (RPCA) imputation!!-3! separates the low-rank When imputing missing data on an
part of the data X from the outliers A4, and uses the former to athmospheric dataset we can check that
impute missing data. Recent developments take into account the EM imputation we proposed (TSOU) i
time correlations and can mimic fluctuations in the data. provides a smaller mean absolute error
: than simpler approaches while achieving
rg(lhn 1 X]|. + 4]|A4]]4 T 5 a small Kullback-Leibler divergence with
D=X+A the reference data.

Multivariate Expectation Maximisation
imputation for Gaussian or VAR models[4]

PRES

imputation takes into account linear
correlations between variables or subsequent
measures, and can preserve the data
variability.

210201 8

iteratively estimates the parameters 6 o ) -— = e
. ] i . i e | 46 . ' 53 S5 = T
describing the distribution of the data X. This S s e ;. -,

M step | E step

+1 _
0™ = argmax p(6|X™) mm mean
0 interpolation
m shuffle

Il TSOUu \ ' v v v .
e TSMLE 2010 2003 2012 2013 2014 2012

4.0
0.3 0.9 I 1.5 BN RPCA_opti

PRES

1000

10 7.4 8.2

Return X"

OPEN SOURCE LIBRARY FUTURE DEVELOPMENTS

pip install golmat

Enrich the hole generation module with new distributions

https://github.com/Quantmetry/qolmat . . : : : : .
Enrich the metrics module with scalable distribution metrics
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Implement deep learning approaches such as diffusion
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Diagnostic and deal with MNAR data
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