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A key problem for artificial intelligence (Al) researchers is how to give Al systems the ability to learn on their own so that programmers don’t have to
hard code the knowledge needed to function in a complex environment. Recent theory proposes that the ability to make good predictions based on
previous and current information is at the heart of this capacity to learn. We have been adapting a particular class of recurrent neural networks to
implement this approach. The Predictive Category Learner (PCL) allows an autonomous robot to learn how to predict the events it will encounter,
thus enabling the development of the ability to navigate successfully.

Experiment #2 - Genetic Algorithm

The Predictive Category Learner Architecture Experiment #1 - Learning to Navigate

Genome Coding: The Predictive Category Learner (PCL) architecture has a number of properties that can
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Testing: Each individual in the population was then run for
a fixed number of time steps in a complex maze environ-
ment that included moveable objects (right). At each
timestep the PCL network made a prediction about
whether or not the robot would collide with an object in
the next timestep. We recorded the percentage of correct
predictions and the percentage of false alarms (predicting
a collision when there was none).

The Experiment: We implemented the Predictive
Category Learner (PCL) architecture on our simu-
lated robot and exposed it to two different envi-
ronments. The first 20 simulated robots ran in the
open environment (left); the next 20 learned to
navigate a more complex maze (right). The con-
nection pattern in the reservoir layer of the PCL
network was randomly generated for each trial.
Robots could move forward and backward, turn
in place or stop. Moving forward and backward
was rewarded slightly more than turning in place.
Stopping and colliding with the walls of the envi-
ronment were punished.

Input Layer: Input to the network is
coded by nodes in this layer. These nodes
are randomly and sparsely connected to
the reservoir layer.

Mating: The six individuals with the greatest ratio
of correct predictions to false alarms were each al-
lowed to contribute “gametes” to a mutual gene
pool which contain exactly half of the genetic code.
The gametes were then randomly mutated and
combined to form a new generation of individuals.
We repeated this process for 15 generations.
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