Modeling delayed spatial alternation
behavior In the rat using a combined
model of prefrontal cortex and medial
temporal episodic memory function

Randal A. Koene, R.C.Cannon & M.E.Hasselmo
Boston University

Center for Memory & Brain

randalk@bu.edu
S-N2003



The Delayed Spatial Alternation Task
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Two Issues

1. SPATIAL ALTERNATION
Prefrontal rule learning

2. DELAY
Hippocampal episodic memory
(Summarized in this presentation)



Part |: Prefrontal Cortex
Simulation



Catacomb — devel oped with Dr. Robert Cannon —
askjabu.edu and www.compneuro.org
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Virtual ratin ~ Interface  |Nntegrate and fire
environment simulation

Destination
(Cannon, Hasselmo & Koene, (2003) Neuroinformatics 1(1):3-42.)




Prefrontal In CATACOMB
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Zoom to Neuron Population




Our model recelves place cell spikes that
correspond to place fields generated during
exploration
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Three Presuppositions

1. Rulesarelearned by associating states and
actions represented by minicolumnsin
PFC

2. Forward and reverse associations are
learned with LTP while buffered by
persistent spiking based on ADP

3. Decisions are formed by converging
reverse and forward spread



1.1 Associating States and Actions
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1.2 Represented in Minicolumns
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2.1 Forward and Reverse Associations



2.2 Persistent Spiking based on ADP

membrane potentia

time



2.2 Buffering Two ltems



2.2 Ordered Replacement in STM



3. Converging Reverse and Forward Spread



3. Convergence Elicits Decision

forward

reverse

decision “move UP’



Part 11: Hippocampus



Three Presuppositions

1. ECIII learns possible paths from each
place

2. DG-CA3 learns global temporal context
for places previoudly visited

3. Retrieval in CA1l isthe result of
converging reverse and forward spread



1.& 2. Associated Places and Temporal Context

ECIII recurrent fibres
encode assocations
between place célls.

DG cells correspond
to atime-specific
context. They are
associated with CA3
place cells that
activate in recently
visited place fields



3. Convering Spatial and Temporal Contexts
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Delayed Spatial Alternation, Hasselmo (Matlab)
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Conclusion

* Direct link between task behavior, spiking
neurons and field potentials

 PFC model achieves biologica
Implementation of reinforcement learning

* Allows modeling of both hippocampus
dependent and Independent task
components

(Supported by NIMH MH60450, MH60013, MH61492, DA16454)
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Response functions of converging DG-CA3 and ECIII to CA1
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