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POLA: Online Time Series Prediction by Adaptive Learning Rates
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Online Time Series Prediction Datasets for POLA Evaluation

Streaming Setting Sunspot Household Power Consumption
Data is collected by continuously monitoring a system. A key challenge for model deployments in dynamic ) I\/Ilonztglzyosunspot number from January 1749 to » Daily power consumption (global active power, global intensity,
environments is concept drift, where the joint distribution of predictor and response variables change across time. In Uy voltage) from December 16, 2006 to November 26, 2010

e Historical data length m = 48

order to avoid degrading performance, deployed models need to be updated when necessary. _
* Forecastlengthn =5

 Historical data length m = 28
« Forecastlengthn =3

Online Time Series Prediction

Unlike in the traditional online learning framework, temporal correlations means that observations cannot assumed to

be independently and identically distributed. Experimental Results
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Main Contributions
: : : : : o : METHOD NORMALIZED RMSE MODEL METHOD NORMALIZED RMSE
« Adapt quickly in dynamic environments without overfitting to current system state or noisy samples, by S > P— —
» Automatically scheduling the online learning rate of stochastic gradient descent (SGD) algorithm unspet i ,
Holt-Winters 0.991 NA LSTM Online-SGD 0.532 0.821
OR-ELM 0.822 NA Online-RMSprop ~ 0.517 0.794
i i Update batch I, Prediction sample s, 4 Pretrained 0.572 0316 WG 0.532 NA
Adaptive Learning Rate T * 057 0890 LSTM & POLA-FS 0.534 +0.009  0.802 + 0.005
+ Maximum learning rate y M ¥ Xt+1 Yi+1 RNN MAML | 205 {023 GRU POLA-GD 0.512 + 0.006  0.806 + 0.071
, L t Online-SGD 0.552 0.775 GRU Online-SGD 0.526 0.768
- Learning rate factor B, € [0,1] Online-RMSprop ~ 0.536 0.809 Online-RMSprop ~ 0.521 0.786
» Learning rate is small if the current update WG 0.552 NA WG 0-526 NA
natch is not useful in helping the model adapt WM POLA-FS 0.532 + 0.002 0.769 + 0.003 POLA-FS 0.508 +0.002°0.769 + 0.003
POLA-GD 0.500 + 0.002 0.773 + 0.005 POLA-GD 0.489 + 0.002  0.768 + 0.003
Meta-train Meta-validation Ver1 = f(Xes1; Opr1)
- i (V) — 0. — e e o .
Factor K / #STEPS LEARNING NORMALIZED RMSE
» Split the update batch to a meta-training and Online Batch Size (k) RATE ()  Sunspot Power
meta-validation set . . . . . N POLA-GD 1 0.1 0.515 0.773
» Meta-learning sets are a proxy to the training Bi-level (()V|)3tl(rvr)uzat|on In Mefa'Stage s —— g:::::ﬁgpmp z’ad'e"t Descent 0.1 0.504  0.772
and testing procedure 0,1, 81 = a?‘gming,Bngm(H) gos e yperparameters i’ 8-(1)1 8-2(2)(5) 8%?
» Optimize the learning rate factor on the meta- et to § — | N TP g |/ | T POAES 5 0.01 0520 0776
learning sets subjectto 6 = argmingiyp 1,@( ) — 2 16 = Oc]lz} ™34 6 8 10 12 14 16 18 3 0.01 0.516 0.775
Online batch size b
and approximate S;,, with ,Bg)l
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