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3. Preliminary results & lessons learnt
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> Classification model is used over long periods of time

6/42



Motivation: Challenges

Stream Classification

> Data arrives continuously

> Classification model is used over long periods of time

Non-Stationarity

If distributions change (drift) over time:
> Can be sudden/gradual, singular/recurring, systematic/unsystematic
» Static model's performance deteriorates
> Adaptation is required

> Ex-post adaptation to concept drift



Motivation: Challenges

Stream Classification

> Data arrives continuously

> Classification model is used over long periods of time

Non-Stationarity

If distributions change (drift) over time:
> Can be sudden/gradual, singular/recurring, systematic/unsystematic
» Static model's performance deteriorates
> Adaptation is required

> Ex-post adaptation to concept drift

Label Paucity of Delay

> Labels arrive with delay (verification latency,
[Kuncheva, 2008, Marrs et al., 2010])

> |s waiting for sufficient labelled information affordable?



Context / Related Work

Change Detection

> Well established [Sebastido and Gama, 2009], e.g.

> Statistical Process Control [Gama et al., 2004]
> ADaptive WINdowing [Bifet and Gavalds, 2007]
> Nonparametric Monitoring [Ross et al., 2011]

» Focus on performance or on location/scale of parameters

> Mostly assume available recent labelled data
(some ideas on usage of unlabelled data: [Zliobaité, 2010])

> Aim is detecting change points: focus on sudden shift
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Change Detection

> Well established [Sebastido and Gama, 2009], e.g.

> Statistical Process Control [Gama et al., 2004]
> ADaptive WINdowing [Bifet and Gavalds, 2007]
> Nonparametric Monitoring [Ross et al., 2011]

» Focus on performance or on location/scale of parameters

> Mostly assume available recent labelled data
(some ideas on usage of unlabelled data: [Zliobaité, 2010])

> Aim is detecting change points: focus on sudden shift

Change Diagnosis

> Spatio-temporal density estimation
> Velocity Density Estimation [Aggarwal, 2005]

» Ex-post analysis of changes in distributions
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Change Mining & Anticipative Classification

Drift Mining
» Understanding how distributions change,
identifying patterns (drift models [Hofer and Krempl, 2013])

» Extrapolation of trends:
Anticipative decision trees [Bottcher et al., 2009]

> Estimating new prior from unlabelled data:
Global drift models [Hofer and Krempl, 2013]

11/42



Our Approach in a Nutshell
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Contributions in a Nutshell

Approach
> Use unlabelled data for detecting class prior changes:
Unsupervised prior estimation

> Anticipate changes due to gradual, continuous drift:
Temporal density extrapolation

> Monitor goodness-of-fit of current & suggested models
Kullback-Leibler-Divergence calculation on (un)labelled data

» Controlled adaptation process
Suggest best fitting variant according to available data
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Contributions in a Nutshell

Approach
> Use unlabelled data for detecting class prior changes:
Unsupervised prior estimation

> Anticipate changes due to gradual, continuous drift:
Temporal density extrapolation

> Monitor goodness-of-fit of current & suggested models
Kullback-Leibler-Divergence calculation on (un)labelled data

» Controlled adaptation process
Suggest best fitting variant according to available data

Results
Some preliminary experimental results (with NB Classifier):

> Density extrapolation is (sometimes) useful
» Extrapolation/Prior-Update without monitoring is (sometimes) misleading
> Monitoring KL-Divergence on unlabelled data helps identifying best variant

» Each variable might behave differently
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The Building Blocks in Detail
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Details: Unsupervised prior estimation

Unsupervised prior estimation

> Use unlabelled data for detecting class prior changes

> Estimate the new class prior p1(y = 1) = d1po(y = 1) with

2 oxea (fi(x) = folxly = 0)) (folxly = 1) — fo(x]ly = 0)) w(x)
Po(y = 1) Creq (folxly = 1) — folxly = 0))*w(x)

by =

where
> previous (old) distribution fy and class prior pg
> current (new) distribution fi and class prior p1
> weighted SSQ criterion w(x) = fi(x)

> For more details, see [Hofer and Krempl, 2013]
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Details: Temporal density extrapolation

Temporal density extrapolation

v

Extrapolate trend patterns in drift

v

Kernel-Density-Extrapolation approach:

> Spatio-temporal kernel density estimation
> Pseudo-points with extrapolated, time-varying weights

> For more details, see [Krempl, 2015]
Related: Density forecasting [Tay and Wallis, 2002] (unimodal)

v
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Details: Temporal density extrapolation

Temporal density extrapolation

» Extrapolate trend patterns in drift
» Kernel-Density-Extrapolation approach:

> Spatio-temporal kernel density estimation
> Pseudo-points with extrapolated, time-varying weights

— Obs. Density P[X)t

Kernel of

N Pseudo Point 1
lQe

> For more details, see [Krempl, 2015]

> Related: Density forecasting [Tay and Wallis, 2002] (unimodal)
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Details: Temporal density extrapolation

Temporal density extrapolation

» Extrapolate trend patterns in drift
» Kernel-Density-Extrapolation approach:

> Spatio-temporal kernel density estimation
> Pseudo-points with extrapolated, time-varying weights

— Obs. Density P[X)t

Kernels of

N Pseudo Points
lQe

> For more details, see [Krempl, 2015]

> Related: Density forecasting [Tay and Wallis, 2002] (unimodal)
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Details: Temporal density extrapolation

Temporal density extrapolation

» Extrapolate trend patterns in drift
» Kernel-Density-Extrapolation approach:
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Details: Temporal density extrapolation

Temporal density extrapolation

» Extrapolate trend patterns in drift
» Kernel-Density-Extrapolation approach:

> Spatio-temporal kernel density estimation
> Pseudo-points with extrapolated, time-varying weights

— Weight
Extrapolation

P Extrapolated
Qe Kernel Weights

> For more details, see [Krempl, 2015]

> Related: Density forecasting [Tay and Wallis, 2002] (unimodal)

N
N
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Details: Temporal density extrapolation
Temporal density extrapolation

» Extrapolate trend patterns in drift
» Kernel-Density-Extrapolation approach:

> Spatio-temporal kernel density estimation
> Pseudo-points with extrapolated, time-varying weights

== Observed Density
= 1 Extrapolated Density

Extrapolated
Pseudopoint Weight

> For more details, see [Krempl, 2015]
> Related: Density forecasting [Tay and Wallis, 2002] (unimodal)
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Results

Experiment Setup

>

Public available dataset: Bank Marketing
UCI machine learning repository [Asuncion and Newman, 2015]

Mix of numerical and categorical attributes
45211 instances collected over 30 months

Chunk-based processing (100 chunks, window size 3 chunks)

Naive Bayes Classifier
Kernel-Density-Estimation
Kernel-Density-Extrapolation
Implemented in Octave/MATLAB
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Results (1)

Preliminary Results

> Some improvements over KDE w.r.t. (X, Y):
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Preliminary Results

> Some improvements over KDE w.r.t. (X, Y):

> However, sometimes (on other features) it is not beneficial
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Results (1)

Preliminary Results

> Some improvements over KDE w.r.t. (X, Y):

> However, sometimes (on other features) it is not beneficial

KL-Div.

T N P

KL-Di v.

KL-Div on P(X Y), no extrapolatipn, prior update
KL-Div on P(XY), i

KL-Div on P(X,Y), optinzed

extrapol atj pfior update

KL-Div on P(XY),
KL-Di v on P(X,

KL-Div on P(X Y), optimzed
no extrapol ation, prior update
), extrapol ation, prior update

tine

PN D DR L SR DR T |
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Change & Adaptation Monitoring

Goodness-of-Fit Monitoring

> Available information:

> f(X,Y) and its derivatives
> Ai(X)
> estimates for A (X, Y) and its derivatives
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Change & Adaptation Monitoring

Goodness-of-Fit Monitoring

> Available information:

> fo(X,Y) and its derivatives
- A(X)
> estimates for f,(X, Y) and its derivatives

» Estimate f(X) according to model

» Compute its goodness-of-fit compared to fi(X)
using Kullback-Leibler Divergence

> Perform the divergence-minimising update

> Is this a suitable indicator?
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Results (2)

Kullback-Leibler Divergence between £ (X) and £ (X)

v on
— KL-Div on P(X), extrapol ati

KL-Div.

KL- Di
KL-Div on P(X), no extrapol atipon,

P(X), optimzed
prior update
pfior update

tine

KL-Di v.

KL-Div on P(X), optimzed
KL-Div on P(X), no extrapol ation, prior update
KL-Div on P([K), extrapolation, prior update
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Results (3)

Kullback-Leibler Divergence between (X, Y) and f(X, Y)

KL-Div.

KL-Div on P(X,Y),
KL-Div on P(XY),

n P(X,Y),

KL-Di v ol
no extrapol ation, prior update

extrapol ati pfi

optimzed

or update

KL-Di v.

KL- Dv on P(X Y),

L-Div

n P(X,

no extra

),

KL-Div on P(XY),

pol ation, prior update
extrapol ation, prior update

opti mzed
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Summary
Approach Combines:

> Unsupervised prior estimation
> Temporal density extrapolation

> Monitor goodness-of-fit for controlled adaptation

36 /42



Summary

Approach Combines:

>

Unsupervised prior estimation

> Temporal density extrapolation

>

Monitor goodness-of-fit for controlled adaptation

Preliminary Results:

>

Density extrapolation is (sometimes) useful, but
Extrapolation/Prior-Update (sometimes) misleading
Monitoring goodness-of-fit is required

KL-Divergence on unlabelled data helps identifying best variant
Each variable might behave differently
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Summary
Approach Combines:

> Unsupervised prior estimation
> Temporal density extrapolation

> Monitor goodness-of-fit for controlled adaptation

Preliminary Results:

> Density extrapolation is (sometimes) useful, but

> Extrapolation/Prior-Update (sometimes) misleading

> Monitoring goodness-of-fit is required

» KL-Divergence on unlabelled data helps identifying best variant

» Each variable might behave differently

Outlook / Further Challenges:
» KL-Div considers whole feature space,
Focus rather on regions around decision boundaries [Vinciotti and Hand, 2003]?

> Modelling seasonal trends (recurring context)

> Prediction-Induced Drift [Krempl et al., 2015]
Self-Fulfilling / Self-Defeating prophecies
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