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Motivation

Problem: model deterioration
monitoring goals

- R1: Detect using unlabeled
deployment data

- R2: Avoid false alarms from
benign shifts with few samples

- Raw data & posterior distribution
detectors do R1 but fail R2

kCan disagreeing critics work with IDTs? j
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Solution: batch-specific model
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disagreement framework

o Transductive reasoning: model-
specific impact of conflicting info,
instead of accumulated uncertainty

- Successful with ensembles of neural
networks in large batches, but not
studied on incremental decision trees
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Theory

Labeled update (Lemma 1)

one-hot disagreement h

epy (h) = &pi(h. he,_,) + ep,(he, ;)

Drift-based update (Lemma 2)

istory model

disagreeing critic

h* = arg max,, . A (h et—1'h*)
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o c?ns.ervo.ti\./e §plits & pgrent hy.per—rec.:tongles of h© +_1 regularize h th(h) < th(h, het—1) + €D, (het—1 ) + %A (het—1 . h*)
o blas is minimized only if hB6t-1Is localized around Dy
- useful drift detectors must account for both data and model complexity:
if Dt-1/Dt are similar, bound is small & hg +—-1 can be reused; otherwise, h
Is updated via pruning, or ensemble modification. Fig. 1illustrates:
. Left: loss-based false negative in over-regularized model
» Center: data-based false positive for proper regularized model

» Right: both methods succeed in overly complex model

- Maximize A(he;_;.h*) to identify regions most affected by drift
o INn binary ensembles, simple label flipping captures effects
> Fig. 2 shows disagreement-based drift across complexities:

- Left: hardly induced in far input space

= Center: evenly induced across input space

= Right: easily induced in under-regularized far input space

Methodology

. Split batch into two sub-windows
(Q, R), training 2 ensemble copies
on flipped pseudo-labeled data

. A Kolmogorov—-Smirnov (KS) test
detects predictive consistency
across disagreement distributions

- Adaptive resampling increases
Instance exploitation under high
error, accelerating convergence
without large windows

Algorithm Disagreement framework

Initialize ensemble g on past data P

while stream has new batch do
Q', R' « pseudo-label and flipin Q, R

Oq. 9r ¢ copies of g
Traingoon Q, gr onN R

For each ensemble gx in (94, gg) do
For each pairs of models g, g, in gy do

| dab =%y ;'[9 # 95(x)]
Dy « collection of all dg p

If KS_test(Dq. Dg) rejects Hg then
|L Drift detected

T

original ensemble
] >

Waiting
— Training
O Evaluate drift
O New copy of ensemble

® Final disagreeing critic ()

o

Results

Drift 1 Drift 2

|

. Evaluate IDT & MLP ensembles with 6 loss- & S data-based detectors, tuned to
0.5xDetection Accuracy+0.3x(1-False Alarms(FA))+0.2x(1-Mean Time to Detect(MTD))

- MTD(FA) for gradual (G) and abrupt (A) drifts, in Disagreement- (Dis.), Data-, & Loss-
based detectors show disagreeing critic works for NNs but performs poorly for IDTs

. Likely because IDTs lack the plasticity to generate useful signals. Solution lies in
restructuring with their intrinsic, non-overlapping rules that fully partition the space
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