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We present a stochastic gradient descent for the time-series forecasting problem in the presence of concept drift.

1.

(SGD)

—

— SGD

SGD

SGD

variance-based

SGD (vSGD) [Schaul 13]

vSGD

(sequential mean tracker, SMT)

SGD (concept-drift-aware stochastic

gradient descent) Cogra

SMT

vSGD SMT

Cogra

3 2

(Q1) SMT vSGD

: kohei miyaguchi@mist.i.u-tokyo.ac.jp

(Q2) SMT

(Q3) Cogra SGD

(Q1)

SMT

vSGD 60%

(Q1)

(Q2), (Q3)

Cogra

2.

{Xt}∞t=1 (Xt ∈ X ⊆ R
D) t =

1, 2, . . . Xt xt ∈ X t

Xt

pθ(Xt | xt−1) θ ∈ Θ

xt−1 def
= (x1, x2, . . . , xt−1)

θ�1 , θ
�
2 , . . .

θ�t = argmin
θ∈Θ

Lt(θ), Lt(θ)
def
= EXt|xt−1 [�(θ;Xt)] . (1)

�(θ;Xt)
def
= − log pθ(Xt | xt−1) Xt

θ Xt

�t(θ) t Xt | xt−1

3. vSGD

(1) vSGD [Schaul 13]

SGD θt = θt−1 −
ηt∇�t(θt−1) vSGD ηt Lt(θ)

η�
t = argmin

η
EXt|xt−1 [�t(θt−1 − η∇�t(θt−1))] .

(1) Θ

{θt−1 − η∇�t ∈ Θ | η ∈ R}
η�
t vSGD

η�
t =

g2t
htvt

1

The 32nd Annual Conference of the Japanese Society for Artificial Intelligence, 2018

1Z1-01



gt
def
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Algorithm 1 Cogra algorithm

Input: Losses {�t}∞t=1, initial parameter θ0, SMT A0.

Output: Parameters {θt}∞t=1.

for each loss function �t (t = 1, 2, . . .) do

Incur loss �t(θt−1)

Receive forgetting rate: at−1 ← ask(At−1)

Update estimates:

gt ← ∇�t + at−1(gt−1 −∇�t),

vt ← ∇�2t + at−1(vt−1 −∇�2t ),

ht ← ∇2�t + at−1(ht−1 −∇2�t)

Update SMT: At ← push(At−1,∇�t)

Compute learning rate: ηt ← g2t
htvt

Update parameter: θt ← θt−1 − ηt∇�t(θt−1)

end for

{Zt}

zt μt
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=
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(a) μ (d = 1, T = 0). (b) T (d = 1, μ = 5). (c) d (T = 0, μ = 5).

2: .

1: . 1 SGD 2 3 7

AdaGrad (initial LR) ADAM (initial LR) Almeida (initial LR, hyper-LR)

0.001 0.01 0.1 1.0 0.001 0.01 0.1 1.0 (10e-9, 10e-3) (10e-9, 10e-2) (10e-9, 10e-1)

A(1) 257 3.62 1.0 5.35 9.56 1.95 6.07 138 3.36 3.02 2.01
A(2) 144 2.56 1.0 4.18 5.60 1.76 7.15 125 2.50 2.27 1.63
A(3) 236 4.07 1.0 5.23 9.81 2.06 5.35 68.9 3.29 2.99 2.06
EEG 16.9 0.68 1.0 77.6 2.76 1.02 9.66 945 0.485 0.483 0.482
GAS 8.79 3.10 1.0 48.1 6.15 1.87 3.98 287 1.06e+85 9.82e+65 1.73e+20

RMSProp (initial LR) vSGD Cogra

0.0001 0.001 0.01 0.1 1.0

A(1) 80.2 7.76 3.31 200 2.00e+4 0.79 0.621
A(2) 46.4 4.60 2.32 110 1.10e+4 0.85 0.701
A(3) 74.4 7.84 2.55 120 1.20e+4 0.76 0.595
EEG 20.8 2.13 31.6 3.13e+3 3.13e+5 0.30 0.182
GAS 9.16 5.39 7.92 695 6.94e+4 0.84 0.267

6.

vSGD

vSGD

SMT

vSGD SMT

SGD Cogra

Cogra vSGD

Cogra VAR

[Almeida 99] Almeida, L. B., Langlois, T., Amaral, J. D.,

and Plakhov, A.: Parameter Adaptation in Stochastic

Optimization, in On-Line Learning in Neural Networks,

pp. 111–134, Cambridge University Press (1999)

[Casale 12] Casale, P., Pujol, O., and Radeva, P.: Person-

alization and user verification in wearable systems us-

ing biometric walking patterns, Personal and Ubiquitous

Computing, Vol. 16, No. 5, pp. 563–580 (2012)

[Duchi 11] Duchi, J., Hazan, E., and Singer, Y.: Adap-

tive subgradient methods for online learning and stochas-

tic optimization, Journal of Machine Learning Research,

Vol. 12, pp. 2121–2159 (2011)

[Fonollosa 15] Fonollosa, J., Sheik, S., Huerta, R., and

Marco, S.: Reservoir computing compensates slow re-

sponse of chemosensor arrays exposed to fast varying

gas concentrations in continuous monitoring, Sensors and

Actuators B: Chemical, Vol. 215, pp. 618–629 (2015)

[Kingma 14] Kingma, D. and Ba, J.: Adam: A method for

stochastic optimization, arXiv preprint arXiv:1412.6980

(2014)

[Lichman 13] Lichman, M.: UCI Machine Learning Repos-

itory (2013)

[Lütkepohl 05] Lütkepohl, H.: New Introduction to Multi-

ple Time Series Analysis, Part I, Springer Berlin Heidel-

berg (2005)

[Schaul 13] Schaul, T., Zhang, S., and LeCun, Y.: No more

pesky learning rates, in Proceedings of the 30th Interna-

tional Conference on Machine Learning (2013)

[Tieleman 12] Tieleman, T. and Hinton, G.: Lecture 6.5-

rmsprop: Divide the gradient by a running average of

its recent magnitude, COURSERA: Neural Networks for

Machine Learning (2012)

4

The 32nd Annual Conference of the Japanese Society for Artificial Intelligence, 2018

1Z1-01


