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Online Models are Learning Incrementally from Data Streams
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Online Models are Learning Incrementally from Data Streams
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Various applications: Bifet and Gavalda 2007, Gama et al. 2014, Davari et al. 2021, etc.
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Still Changes Remain Unnoticed Despite Incremental XAl ...

o g 1.0 = —
£C | :
53°%° N concept drift time
- H
© 0.0
0.4
0.3
o
0.2
= : —— iPFI for feature X?
0.1 : —— iPFI for feature X1
0.0 - . . ; . . , ,
0 5000 10000 15000 20000 25000 30000 35000 40000
t Samples t

hidden concept drift
Pu(Y|X) # Pu(Y|X)

A|@m|— Maximilian Muschalik iPDP: On Partial Dependence Plots in Dynamic Modeling Scenarios 3/11



Partial Dependence Plots (PDPs) Explain Feature Effects

Definition of PDP (Friedman 2001)
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PDP on Virtual and Real Concept Drift
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Incremental PDP (iPDP) for Moving Models and Data

Definition of iPDP
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Incremental PDP (iPDP) for Moving Models and Data
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Incremental PDP (iPDP) for Moving Models and Data

Definition of iPDP
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iPDP on Virtual and Real Concept Drift

time

»
>
| N e N s SN s Y e Y e N s N s Y e N e O s |
|:| |:| |:| agrawal concept drift data stream |:| |:| |:| |:| |:| |:|
| N [ N [y N R N S S SN Ry SN R S G S g S
| | | |
| | |

t1 12} t3

(b) after real drift (c) after virtual drift
(a) initial setting
P, (Y|X) # P, (Y|X) P, (X) # Py(X)

iPDP at 10000 samples iPDP at 20000 samples iPDP at 30000 samples

1 1 1
/08 08 o
- - - -
& T & &
o a o o
e Qos O,
& =l & &
= iPDP (historic) - -
& === iPDP (current) B =
F04 Fo04 =
2 2 2
2 2 2
e e e
= 0.2 = 02 = 0.
00 00 00
70 40 60 80 100 130 140 160 180 200 70 40 60 80 100 130 140 160 180 200 70 40 60 80 100 120 140 160 180 200

feature: salary feature: salary feature: salary

/”®m|— Maximilian Muschalik iPDP: On Partial Dependence Plots in Dynamic Modeling Scenarios 7/11



Theoretical Guarantees

Theorem (Reactiveness)

iPDP reacts to real drift and favors recent PD values, as

t —
E[F£P( 0 )] = a Y (1= ) By [i(%54, X7)], fork=1,...,m.
i=1 ! :

PD function at time i
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Theoretical Guarantees

Theorem (Reactiveness)

iPDP reacts to real drift and favors recent PD values, as

t —
B[P (x5, )] = @) (1= @) Bys [y, X7)], fork=1,...,m
i=1 ’

PD function at time i

Theorem (Batch PDP Approximation in Static Settings)

Let observations (xo, Yo), - - -, (X, yt) be iid from P(X,Y) and f = f; be a static
model. If f is locally linear in the range of temporary model evaluation points
{%7 Y=y for k =1,...,m, then

xS
[f P(x2 t)} = f&P (th,k) and E Lf_((l_k;[t))t] — fFP <M> .
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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.
B iPDP is a model-agnostic XAl method to
capture feature effects of models in flux.
B iSAGE and iPFI can be used to compute
global feature importance incrementally.

bypi v0.13 | status alpha ] License [MIT

.g:b - Q. % Installation

o {e’{@;@} ah
hr \ hl.

.—A. mQuickstart

>>> for (n, (x, y)) in enumerate(stream, start=1)

accuracy.update(y, model.predict_one(x)) # inference
incremental_pfi.explain_one(x, y) # explainin, g
° °
® L g

pip install ixai

model. learn_one(x, y) # learnin g

time
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Efficient Access to Feature Distribution over Time

Maximum Value Storage Removal Stratgies
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Experiment C - Static Model and Data
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on Virtual and Real Concept Drift
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iPDP Algorithm

Algorithm 1 iPDP Explanation Procedure

Require: stream {x:,y:},-,, model fi(.), feature set of interest S, smoothing param-
eter 0 < a < 1, number of grid points m, and storage object R:

1: initialize fEP (x5, 1) + 0
2: for all (x¢,y:) € stream do
3 {%7c}isy < GETGRIDPOINTS(R¢, m) {e.g., equidistant points, quantiles, etc.}
4 for k=1,...,mdo
5: xfk — (1-a) x7_,,+a %, {update grid point}
6 Uk < [t (if s X5 ) {evaluate on model evaluation point}
7 AgD(xfk, )+ (1—a)- AgD(xf_Lk, t—1)+a-gr {update point-wise estimates}
8 end for
9: Ry + UPDATESTORAGE(R;—1, ;) {add x7 to the storage object}
ng(xik,t) xf,k

10:  Output:
11: end for

T T a) {debiasing of estimates and grid points}
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