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I want you to consider reconstructed
phase spaces when analyzing or

predicting time series.
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• Phase space reconstruction and time series interpolation.
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Two Parameters

• The time delay τ .
• The embedding dimension dE .
• Various methods to find these parameters.
• With no limitations to the general applicability of our approach, we’re using

τ = 1 and dE = 3 for non-model data.
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Stochastic Interpolation and
Reconstructed Phase Spaces
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Figure: Left: Monthly international airline passengers time series; Right: Reconstructed Phase Space

We want the phase space curve to be smooth.
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Idea

• We’re using multi-point fractional Brownian Bridges to interpolate time series
data, [1].

• We generate a population of interpolated time series data, e.g. 1000 to form a
population.

• We then use a genetic algorithm to generate a smooth curve out of the population.
• The loss/fintess function is the variance of second derivatives along a phase space

trajectory.
• PhaSpaSto-interpolation; phase space trajectory smoothing stochastic

interpolation.

[1]: Jan Friedrich, Sebastian Gallon, Alain Pumir, and Rainer Grauer. Stochastic Inter-
polation of Sparsely Sampled Time Series via Multipoint Fractional Brownian Bridges.
Physical Review Letters, 125(17):170602, 2020. Publisher: APS
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Idea

Figure: Interpolated monthly international airline passengers time series



Result

−100 −50 0 50 100 150 −100
−50

0
50
100

150

−50

0

50

100

150

0.0 0.2 0.4 0.6 0.8 1.0 0.0
0.2

0.4
0.6

0.8
1.0

0.2

0.4

0.6

0.8

0.0 0.2 0.4 0.6 0.8 1.0 0.0
0.2

0.4
0.6

0.8
1.0

0.0

0.2

0.4

0.6

0.8

1.0

Figure: Left: Original Phase space portrait; Middle: Phase space portrait population average; Right: Phase space
portrait gen. alg. improved. Published in [2].
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Reconstructed Phase Spaces and
Randomly Parameterized Neural

Networks
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• Train and test fits do not guarantee that a neural network can autoregressively
predict time series.

• How to tell if a neural network is capable of reproducing the behaviour by
observing the loss?
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• Filtering predictions can solve the problem of parameterizing neural networks
through randomly parameterizing neural networks.
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