
Contributions

• Realistic nonstationarity as 1/G noise in data-generating parameters
• Kalman filter for Bayesian inference over 1/G noise
• Extended Kalman filter for NN optimization
• Efficient variational approximation, amounts to subweights with 

different learning and decay rates
• Variational multiscale EKF learns well in nonstationary tasks
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Temporal structure in realistic environments

Extended Kalman filter and variational inference

Variational EKF optimizer
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Generative Model

Ornstein-Uhlenbeck process: dI( = −J(%!I(d, + KJ(
%!/"dL ,

Timescales J( = M( M > 1

Inferential Model
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Time step
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Loss gradient:
ℒ = ½ YZ − Z

"

PreconditionerDecay:
W = diag _%!/G

• Real environments have temporal structure (not iid)
• Have long-range autocorrelations (not diffusion or random walk)

• Generative model: sum of diffusion processes at different timescales
• Inferential model: Kalman filter over all processes jointly [KTS07]
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Predictive Model
` = ℎ b, c

NN with weights c ∈ ℝH

Generative Model
c = ∑g(,  g( , ∈ ℝH

Inferential Model
P = g!, … , g;
P|bI1 , `I1 ∼ T 5 , , V ,
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Extended Kalman filter (EKF) [SW89,PF03]

ℎ b , , c ≈ ì + jL 5 , c −5 ,

`|ì ∼ T ì, kMN ,   kMN = Var `|ì

Variational approximation

V , ≈ diag n" ,

Linear in NN size

• Assume 1/G noise in optimal network parameters
• Extended Kalman filter uses Jacobian to linearize network
• Variational approximation tracks variance of each component

• Each weight decomposed as sum of subweights
• Subweight 7(= is mean estimate of o= at timescale C (I(=)
• Decay rates come from 1/G generative model
• Learning rates come from EKF posterior variance
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Evaluation in synthetic nonstationary tasks

• Linear regression
• Data sampling: r = bPs,   s ∼ 1/G noise

• Predictive model: r = bPc

• 10-way classification

• Data sampling: r ∼ softmax z , b|r ∼ T {Q , |
z, {Q Q

∼ 1/G noise

• Predictive model: 
ì = softmax bP}

• Training methods
• Window: use past ~ observations • Variational EKF
• SGD: update after each observation • Full EKF
• Discounting: power-law weighting

!
"

#$	

logits
softmax

R

S

MN

!
"

#$	

logits
softmaxsoftmax

0 0.1 0.2 0.3 0.4 0.5
1.5

1.55

1.6

1.65

1.7

1.75

0 50 100 150 200 250
1.5

1.55

1.6

1.65

1.7

1.75

1

1.1

1.2

1.3

1.4

1.5

1.6

Batch – Window SGD ComparisonClassification

0 50 100 150 200 250 300 350 400
60

65

70

75

80

85

0 0.02 0.04 0.06 0.08 0.1
60

65

70

75

80

85

Batch – Window SGD Comparison

50

55

60

65

70
Regression


