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The Effect of Observation Noise in
Probabilistic Slow Feature Analysis

Tomok1 SEkIGUcHI, ! TosHiakt OMmorih T2
and MASATO OKADATL12

The slow feature analysis (SFA) is a mathematical model that extracts slowly
varying features from time series data. For example, the SFA has been applied
for neural systems. Recently, a probabilistic version of SFA was proposed. This
probabilistic SFA includes approximation on observation noise. However, quan-
titative evaluation on the effect of the observation noise in the probabilistic SFA
has not been investigated in the previous study, and thus it remains unclear
how the observation noise affects the performance in the probabilistic SFA. In
this paper, we investigate the effect of observation noise in the probabilistic
SFA by evaluating the accuracy of estimated parameters including slow feature
dynamics. We show that the most slowly varying feature suffers from strong
effect of the observation noise.
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Fig.1 Schematic diagram of slow feature analysis. SFA extracts slow varying features y; from time
series input data .
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Fig.2 Estimated slow feature y; using probabilistic SFA. Dotted line shows true value, whereas solid
line shows estimated value. (Left) the case of observation noise o2 = 0. (Right) the case of
observation noise Jan = 1.0.
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Fig.3 The result of Fourier transform for estimated slow feature y; using probabilistic SFA.(Left)
the case of observation noise ai = 0. (Right) the case of observation noise oi = 1.0.
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Fig.4 Changes of system model parameters \;, o2 for observation noise o2

n =- The horizontal axis

shows the observation noise oi, and the vertical axis shows estimated value of system model
parameters. Filled circle shows estimated value. Open circle in G‘i = 0 shows true value of
each parameter.(Left) the result of parameter A;. (Right) the result of system noise aiz.
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