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We propose online prediction method for data streams with heterogeneous concept drift. The proposed method
forecasts short-range future values by integrating both short-term memory of various window sizes and long-term
memory of consistent clusters adaptively. On synthetic datasets with heterogeneous concept drift and real-world
datasets of traffic flow, stock prices, and electricity demand, experimental results show superior accuracy without
optimizing meta-parameters among datasets over several baseline methods.
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1:
D = 5

K = 100 k

λ = 1

Lmin = 200

Lmax = 500
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α = 10−3 1
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∗1 http://pems.dot.ca.gov/
∗2 https://finance.yahoo.com/quote/%5EN225/
∗3 https://moa.cms.waikato.ac.nz/datasets/
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2:
SuddenReocc GradualAReocc GradualBReocc Traffic Stock Electricity Overall

FullFunc 1.00 (1.8) 1.00 (0.074) 1.00 (0.32) 1.00 (0.47) 1.00 (94.8) 1.00 (535) 1.00

NoCluster 1.06 (1.9) 1.03 (0.076) 1.03 (0.33) 1.04 (0.49) 1.12 (106) 0.99 (531) 1.04

NoLTM 1.17 (2.1) 1.23 (0.091) 1.09 (0.35) 1.09 (0.51) 1.47 (139) 0.99 (531) 1.17

ARWin 1.44 (2.6) 1.35 (0.10) 1.06 (0.34) 1.64 (0.77) 2.91 (276) 1.20 (643) 1.60

KRWin 1.33 (2.4) 1.05 (0.078) 12.81 (4.1) 1.79 (0.84) 6.49 (615) 1.21 (649) 4.11

NRWin200 1.39 (2.5) 1.35 (0.10) 1.09 (0.35) 1.23 (0.58) 1.68 (159) 0.98 (524) 1.29

NRWin250 1.83 (3.3) 1.35 (0.10) 1.12 (0.36) 1.43 (0.67) 1.69 (160) 1.00 (537) 1.40

NRWin350 1.72 (3.1) 1.35 (0.10) 1.09 (0.35) 1.26 (0.59) 1.71 (162) 1.00 (537) 1.36

NRWin500 0.94 (1.7) 1.35 (0.10) 1.06 (0.34) 1.32 (0.62) 1.59 (151) 1.04 (554) 1.22

NRWin1000 0.89 (1.6) 1.31 (0.097) 1.06 (0.34) 1.19 (0.56) 1.46 (138) 1.06 (566) 1.16
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