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Online Models are Learning Incrementally from Data Streams
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Online Models are Learning Incrementally from Data Streams

Various applications: Bifet and Gavaldà 2007, Gama et al. 2014, Davari et al. 2021, etc.
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Still Changes Remain Unnoticed Despite Incremental XAI ...
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Partial Dependence Plots (PDPs) Explain Feature Effects

Definition of PDP (Friedman 2001)

f PD
S (xS) = EX S̄

[
f (xS , X S̄)

]
in practice: f̂ PD

S (xS) = 1
n

n∑
i=1

f (xS , xS̄
i )
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PDP on Virtual and Real Concept Drift

time
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Incremental PDP (iPDP) for Moving Models and Data

Definition of iPDP

iPDP:

old PDP︷ ︸︸ ︷
f̂ PD
S (xS

t−1,k , t − 1)
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Incremental PDP (iPDP) for Moving Models and Data

Definition of iPDP

iPDP:

new PDP︷ ︸︸ ︷
f̂ PD
S (xS

t,k , t) := (1 − α) ·
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f̂ PD
S (xS

t−1,k , t − 1) + α ·
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iPDP on Virtual and Real Concept Drift
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Theoretical Guarantees

Theorem (Reactiveness)
iPDP reacts to real drift and favors recent PD values, as

E[f̂ PD
S (xS

t,k , t)] = α
t∑

i=1
(1 − α)t−i EX S̄

i

[
fi(x̃S

i ,k , X S̄
i )
]

︸ ︷︷ ︸
PD function at time i

, for k = 1, . . . , m.
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(1 − α)t−i EX S̄

i

[
fi(x̃S

i ,k , X S̄
i )
]

︸ ︷︷ ︸
PD function at time i

, for k = 1, . . . , m.

Theorem (Batch PDP Approximation in Static Settings)
Let observations (x0, y0), . . . , (xt , yt) be iid from P(X , Y ) and f ≡ ft be a static
model. If f is locally linear in the range of temporary model evaluation points
{x̃S

i ,k}t
i=1 for k = 1, . . . , m, then

E
[
f̂ PD
S (xS

t,k , t)
]

= f PD
S

(
xS

t,k

)
and E

[
f̂ PD
S (xS

t,k , t)
1 − (1 − α)t

]
= f PD

S

(
xS

t,k
1 − (1 − α)t

)
.
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Experiment A - Synthetic Data
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Experiment B - Concept Drift Detection
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The Road Ahead and Open Source Implementation

Towards Explaining Change.
■ iPDP is a model-agnostic XAI method to

capture feature effects of models in flux.
■ iSAGE and iPFI can be used to compute

global feature importance incrementally.
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Efficient Access to Feature Distribution over Time

Maximum Value Storage

1 3 6

data stream max in window

(a) expected case with iid data

2 3
1

4 5 6

data stream max in window

(b) worst case scenario

Removal Stratgies
■ Interventional removal

(or categorical features)
can be stored in Geomet-
ric Reservoirs (Fumagalli
et al. 2022)

■ Observational removal
can be stored in In-
cremental Subgroups
(Muschalik et al. 2023)
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Experiment C - Static Model and Data
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iPDP on Virtual and Real Concept Drift
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iPDP Algorithm
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