Perception

Objective

Repeated exposure or training on moving stimuli leads to
improved performance in tasks such as motion detection or
discrimination. Although numerous studies have reported
perceptual learning in visual motion, identitying the underlying
mechanisms and their cortical loci remains a major issue.

For spatial tasks such as orientation, perceptual learning has
been modeled with readout reweighting of information
from early sensory representations (Dosher & Lu, 1998,
1099; Petrov, Dosher & Lu, 2005). We develop and test a
dynamical model of motion perception with connectivity
reweighting to account for classic effects of learning in
motion perception, and show results on a novel experiment.

Model architecture

We model perceptual Ilearning by incorporating
connectivity reweighting into a large-scale dynamical
model based on Tlapale et al (2010). This hierarchical
model includes several cortical layers processing motion
(vi, MT and readouts), their feedforward, feedback and
lateral connections, and has been shown to elicit relevant
percepts for a wide variety of motion stimuli
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Motion discrimination Watanabe et al (ZOOZ) Stlldi@d A A
perceptual learning in local (random

dots moving within -5 to +5 degrees)
and global motion perception _L _I:I:l_
(random dots moving within -30to -5 30 545 430

and +5 to +30 degrees). They found perception learning in
both cases, with performance improved for the directions
matching the dot distributions, and concluded that
perceptual learning occurred in the local stage of motion

First, we investigated whether and how our model can
predict improved performance with practice in motion
tasks. Varying the coherence level of random dots in a
motion discrimination task, we show the model is always
able to learn. But learning at a low coherence level is
extremely slow. The model generates threshold-versus-
coherence curves resembling Tvc from Dosher & Lu (1998).
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- Local and global motion can be linked
to vi and MT

- k; is the output of a motion detector applied to the stimulus

- Reweighting occurs at the level of the connectivitiesW and F
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Translating lines  viewed - Orientations and directions
behind circular apertures span the full circle

No 2D features > integration = - Speeds coherent with aperture
4.5 deg/s activates vi and MT problem
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Preliminary experiments show that (some) subjects are able
to learn to discriminate between such global motions,
depending on initial performance level.
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Discussion

We developed a new model of perceptual learning in
motion tasks, combining the dynamical network model of
motion processing by Tlapale et al. (2010) and the
reweighting concepts (Dosher & Lu, 1998, 19909; Petrov et
al, 2005, 2000) and showed that the model can reproduce
the results of representative perceptual learning
experiments - with alternative explanations for some
experimental results obtained in the literature. We also
predicted model responses to novel stimuli such as
transparent motion, for which an appropriate experiment
remains to be defined, and global motion, for which an
experiment is being conducted.

The segregation between vi and MT motion stages in this
model accounts for a wide range of representative data
with negligible feedback from higher to lower stages.
Further modeling is required to determine whether
feedback of motion integration signals from MT to vI can
be incorporated into these model accounts.
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