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htj : X → Y Classification model trained a time  tj Using data {xi, yi} such that ti + ωl → tj

htj : X → Ycan only make prediction on {xk} such that tj + ωd → tk

{xk} such that tj + ωd → tk{xi, yi} such that ti + ωl → tjLabelling delay Deployment delay

sched = {t1 . . . tn} Retraining schedule determining the sequence of models H = {ht1 . . . htj . . . htn}

ŷi = ht→(xi) where t→ = max{tk → sched s.t. tk + ωprod ↑ ti}.(1){xi, yi} such that ti + ωl → tjis classified as

sched = {t1 . . . tn}We evaluate the schedule We evaluate the schedule of effectiveness and cost

s = score(Y, Ŷ ) = MCC(Y, Ŷ )

c = cost(sched) = |H|
(1)

Problem
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Evaluating drift detectors

Train Test

Train Drift Detectors Hyper-Pameters

25 Search iterations on with 5-fold timeseries validation

Figures from sklearn documentation:
https://scikit-learn.org/stable/auto_examples/model_selection/plot_cv_indices.html
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Empirical results on real-world financial system
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Empirical results on real-world financial system
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Empirical results on real-world financial system
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Not considering delay overestimates the effectiveness/efficiency trade-off of retraining schedules
Change in delay disrupts the ranking of drift detectors
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Empirical results on real-world financial system

Change in delay has an inverse effect on efficiency/effectiveness.
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Empirical results on real-world financial system
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Empirical study on a  
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