
Plant learning is something ancient, adaptive, and closely tied
with our success as a species across millennia1,2. Yet it can also
be seen as a window into a key aspect of human cognition: how
we turn the unfamiliar into the familiar. As we do this, the world
around us is filled with so much information that we are
physically incapable of taking it all in at once. We don’t need to,
because not everything is equally important. That cuts down on
the amount of cognitive processing our brains must perform. But
there’s a drawback. This prioritization of sensory information, or
what we take in from the world around us, creates a constant
gap between reality and what we perceive. In other words, we
are perpetually operating under some degree of uncertainty. So
how is a brain supposed to learn and adapt to new information
under these (uncertain) conditions?

Perceptual Uncertainty on the Prairie 
We created a visual plant learning task as a cognitive case study to investigate how a 
particular type of uncertainty, one at the perceptual level, mediates learning and behavior. 

We successfully created an ecologically valid task that
adequately captures learning behaviors under
different conditions of perceptual uncertainty.

● Task Difficulty
● Quantifying Uncertainty 
● Unaccounted for Top-down Influences
● Parameter Recovery & Posterior/Prior Checks 

Needed

While this task focused on perceptual uncertainty specifically,
this plant learning paradigm has the potential to capture
uncertainty on many levels at the same time. Also, the impact
of studying how people come to know plants reaches far
deeper than improving the ecological validity of a cognitive
neuroscience study.

❖We take a predictive coding perspective to investigate
learning under peceptual uncertainty.

❖ Following the “observing the observer” model3, we divided
learning into two parts: Belief updating & Decision making.

❖We conceived of plant learning as a form of category
learning as participants learned to identify a native North
American prairie species Eryngium yuccifolium.

computer-based visual search task using plant
learning and recruited participants with no plant
identification experience

modified existing learning models to include
parameters for sensitivity to uncertainty

compared the performance of our models to see
which one best described the observed learning
behaviors, and thus if and where uncertainty
plays a modulating role.
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Block Structure

Exit Survey
including a drawing task,
confidence assessment,
and open ended
questions about strategy
and learning process.

Qualitative Measures
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In this plant learning context, the degree to which
someone trusts past experiences (priors) over current
ones (prediction errors) is modulated by uncertainty.

There is evidence of individual differences in learning
strategies and sensitivity of those strategies to
uncertainty.

There were no statistically significant differences
between those that started in high vs. low uncertainty
conditions

Parameters
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Systematic thematic analysis
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