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Supervised classification under concept drift
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Supervised classification under concept drift

P1 P2 Pt Pt+1
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For instance,

ht_|_1 — ht — kvg(hta (xta yt))




Supervised classification under concept drift

P1 P2 Pt Pt+1
! ! ! !
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hy — hs hy — ht_|_1

For instance,

ht—l—l = ht —g(hta (’rtv yt))

k € R accounts for a global rate of change




Supervised classification under concept drift
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ht—l—l = ht —E(ht, (xta yt))

k € IR accounts for a global rate of change




Knowledge gaps
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Account for a scalar rate of change: learning rate or forgetting factor

Provide bounds in terms of non-computable quantities: discrepancies
between consecutive distributions

~
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Key contributions

(Account for multidimensional time changes: model the evolution of\

each statistical characteristic of instance-label pairs

Provide computable tight bounds for: error probabilities and

\accumulated mistakes
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e
Methodology of Adaptive Minimax Risk Classifiers

Multidimensional adaptation
Tt = Ep {P(x,9)}
Feature mapping
O XxY—->R"
Uncertainty set
U = {p € AX X V) [Ep{®(z,y)} — Te| 2 A}




e
Methodology of Adaptive Minimax Risk Classifiers

Multidimensional adaptation
7 = Ep {®(z,y)}
Feature mapping
®: X x)Y—R"”

Uncertainty set

hy
Uy = {p € A(X x V) : [Ep{®(z,y)} — T¢| 2 As} .
.
T
At

Learning

min max{(h, p)
heT(X,Y) pel;

=minl =77+ o(p) + A

Prediction

) € argmax ®(z,y) T p*
y € argmax &(x, y)"

.
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Methodology of Adaptive Minimax Risk Classifiers

Multidimensional adaptation
Tt = Ep {P(x,9)}
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hy
min max{(h, p) U
heT(X,Y) pel;

Prediction

§ € argmax ®(x,y) p*
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Methodology of Adaptive Minimax Risk Classifiers

Uncertainty set

big T h;
Uy ={p € A(X X V) : [Ep{®(z,y)} — 7| = &}%.—».—»

Learning T
U1

min max{(h, p)
heT(X,Y) pel;

=minl =77 p+p(p) + A |p| = R(th)

Multidimensional adaptation
7 = Ep {®(z,y)}
Feature mapping
®: X x)Y—R"”

X
.

Prediction

ey

§ € argmax ®(x,y) p*
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Multidimensional Adaptation

Tracking underlying distribution: obtain 7, \;

Dynamical system: model the evolution of each component of 7
My =Himy_q; + Wi
Qi (ze,yt) = Tei + Ve
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Multidimensional Adaptation

Tracking underlying distribution: obtain 7, \;

Dynamical system: model the evolution of each component of 7
My =Himy_q; + Wi
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Unbiased linear estimator of 77, ; with minimum MSE

’ﬁt,q; — Ht'ﬁt_l,q; - kt,z‘(?t—l,z' — (I’z'(iﬂt—b yt—1))
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Multidimensional Adaptation

Tracking underlying distribution: obtain 7, \;

Dynamical system: model the evolution of each component of 7

My =Himy_q; + Wi
Qi (ze,yt) = Tei + Ve

Unbiased linear estimator of 77, ; with minimum MSE

’ﬁt,q; — Ht'ﬁt_l,q; - kt,z‘(?t—l,z' — (I’z'(iﬂt—h yt—1))
t
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with M = [Tt,z,Tt’i,Tt,i,..

o Tt
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kt,la kt,2> ceey kt,m accounts for multidimensional time changes
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Multidimensional Adaptation

Tracking underlying distribution: obtain 7, \;

Dynamical system: model the evolution of each component of 7
My =Himy_q; + Wi
Qi (ze,yt) = Tei + Ve

T
ith . o 7 k)
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Unbiased linear estimator of 77, ; with minimum MSE

’ﬁt,q; — Ht'ﬁt_l,q; - kt,z‘(?t—l,z' — (I’z'(iﬂt—h yt—1))
t

kt,l; kt,2> ceey kt,m accounts for multidimensional time changes

Performance guarantees
Error probability

R(hy) < R(Uy)

1
R(U;) + /2T log 5
1

Accumulated mistakes
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ZH{Qt # Y} <
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Instantaneous bounds for error probabilities
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Bounds for accumulated mistakes

Accumulated mistakes per time
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