










Table 2: Change detection experiments.
2 · 103 samples, 103 trials

Slope 0 10−4 2 · 10−4 3 · 10−4 4 · 10−4

Detection time (Gama) 854 ± 462 532 ± 271 368 ± 248 275 ± 206 232 ± 178
%runs detected (Gama) 10.6 58.6 97.2 100 100
Detection time ADWIN2) 975 ± 607 629 ± 247 444 ± 210 306 ± 171 251 ± 141
%runs detected (ADWIN2) 10.6 39.1 94.6 93 95
105 samples, 100 trials
Detection time (Gama) 12,164 ± 17,553 127 ± 254 206 ± 353 440 ± 406 658 ± 422
%runs detected (Gama) 12 4 7 11 8
Detection time ADWIN2) 47,439 ± 32,609 878 ± 102 640 ± 101 501 ± 72 398 ± 69
%runs detected (ADWIN2) 12 28 89 84 89

Table 3: Näıve Bayes, Electricity data benchmark, testing on last 48 items and on next instance.
Testing on last 48 items Testing on next instance

Static = 91.62% Static = 94.40%
Width %Dynamic % Dynamic/Static %Dynamic % Dynamic/Static

Gama Change Detection 45.94% 50.14% 45.87% 48.59%
ADWIN2 Change Detection 60.29% 65.81% 46.86% 49.64%

ADWIN2 for counts 76.61% 83.62% 72.71% 77.02%
Fixed-sized Window 32 79.13% 86.44% 71.54% 75.79%
Fixed-sized Window 128 72.29% 78.97% 68.78% 72.87%
Fixed-sized Window 512 68.34% 74.65% 67.14% 71.13%
Fixed-sized Window 2048 65.02% 71.02% 64.25% 68.07%

Fixed-sized flushing Window 32 78.57% 85.83% 71.62% 75.88%
Fixed-sized flushing Window 128 73.46% 80.24% 70.12% 74.29%
Fixed-sized flushing Window 512 69.65% 76.08% 68.02% 72.07%
Fixed-sized flushing Window 2048 66.54% 72.69% 65.60% 69.50%

does much better than the static model that refreshes
its NB model when change is detected.

5 Conclusions

We have described a new method for dealing with dis-
tribution change and concept drift when learning from
data sequences that may vary with time. We developed
an algorithm ADWIN using sliding windows whose size is
recomputed online according to the rate of change ob-
served from the data in the window itself. This delivers
the user from having to choose any parameter (for ex-
ample, window size), a step that most often ends up
being guesswork. So, client algorithms can simply as-
sume that ADWIN stores the currently relevant data.

We tested on both synthetic and real datasets,
showed that ADWIN2 really adapts its behavior to the
characteristics of the problem at hand.
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