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Highlights

Imagined Self-Motion Experiment

• We investigate mental imagery within the computational framework of control

• We reanalyzed data from experiment 1 in (Nigmatullina et al., 2015). 16

theory and state estimation.
• Mental imagery and perception are thought to rely on similar neural circuits;
however, on more theoretical grounds, imagery seems to be closely related to
the output of forward models (sensory predictions).
• We reanalyzed data from a study of imagined self-motion.
• Bayesian modeling of response times may allow us to disentangle the effects of
mental imagery on behavior from other cognitive (top-down) effects, such as
expectation.

subjects were instructed to imagine a cued self-motion prior to detection a
physical rotation, which was either congruent or incongruent with the direction
of imagined motion. The original data analysis amounted to a comparison of
mean response times between congruent and incongruent trials, aggregated
over subjects.
• Due to unsuitability for analysis using a DDM, we fitted ex-Gaussian
distributions to subjects’ response times and VOR onsets for congruent and
incongruent trials, using Bayesian parameter estimation.
• The ex-Gaussian results from the convolution of a normal and an exponential
distribution. The parameters of the ex-Gaussian are µ and σ 2, the mean and
variance of the normal component, and λ , the rate of the exponential
component. In particular, µ shifts the distribution along the x-axis, and λ affects
the tail behavior.
• We fit all ex-Gaussian models in Stan (Stan Development Team, 2015), placing
mixed-effects model on the µ and λ parameters (Preuss et al., 2015).

Theoretical Background
• Mental imagery and perception are thought to rely on similar neural circuits,

and many behavioral studies have attempted to demonstrate interactions
between actual physical stimulation and sensory imagery.
• Nigmatullina et al. (2015) asked subjects to imagine self-motion prior to
performing a motion detection task on a motorized chair. If the direction of
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A DISTRIBUTED MODEL OF THE ROLE OF NOISE IN VELOCITY STORAGE
• An increase in λ might be due to increased drift rate (rate of evidence
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