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 We analyse how a randomly connected network of firing

rate neurons can perform computations on the
temporal features of input stimuli.

We extend previous work? and conduct experiments
whereby networks of a few hundred neurons were
trained to discriminate whether the time between two
input stimuli was larger or smaller than a set duration
[150 ms].

The discrimination was achieved by training the readout
weights of the network with FORCE learning® and an
analysis was performed on the state of the network
using principal component analysis and temporal
mutual information®.

l. Interval duration discrimination experiments
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* FORCE learning on output weights only can

successfully learn to discriminate intervals.

* The temporal computation is encoded in the

state of the network.

* The dynamical state of the network has an intrinsic

temporal memory that can be associated through

simple linear readout units with temporal computations
such as the interval duration discrimination task.

Small cortical circuits can perform such temporal
computations in a distributed manner.
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between individual neuron
state and interval type (short or
long) at every timestep.

Peak at 300 ms indicates the
timestep where highest amount
of information about interval
type can be extracted from a R |
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