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A classical perceptron, when used as a recognition memory device, has a memory capacity proportional to the number of synapses, N. Initial SNR is closely related to equilibrium flux between strong & weak states Markovian learning and forgetting = SNR is a sum of decaying exponentials.
However, this requires synapses to have a dynamic range also « N. SNR(0) < ﬂ d_.. Optimizing the SNR at one time, ty, over the space of such curves, subject to upper bounds on initial SNR and area, yields an
. L . . . . . . - r upper bound on SNR at fy for any synaptic model. The resulting optimal memory curve is a single exponential (optimizing at
If synaptic efficacies are limited to a fixed dynamic range, this introduces a strong tradeoff between learning and forgetting due to new tvl\cl)gor more well se arateod times%/re);uifes multiple exponentialg) P y J P (op J
memories overwriting old. If we wish to store new memories rapidly, then memory capacity is O(log N). Maximized when potentiation guarantees w — strong, "“\’52" P '
[Amit and Fusi (1992), Amit and Fusi (1994)] depression guarantees w — weak. \A.{:: > Varying [l yields a memory envelope curve with a power law tail.
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‘ ) The memory lifetime is bounded by the area under the SNR curve: :
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[Fusi et al. (2005), Leibold and Kempter (2008)]

Given any synaptic model, we can construct one with a linear chain topology that has

Summary

@ the same state order,

@ the same equilibrium distribution, m

@ alarger area. @ We have formulated a general theory of learning and memory with complex synapses.
@ Can we understand the space of all possible synaptic models? | “ ” y - | o @ We can impose an order on the internal states of a synapse through the theory of first passage times. -
@ How does the structure (topology) of a synaptic model affect its function (memory curve)? Uses a deformation that reduces “shortcut” transition probabilities and increases the bypassed “direct” ones. @ The area under the memory curve of any synaptic transition diagram cannot exceed that of a linear chain with the same
@ How does synaptic complexity (number of states) extend the frontiers of possibility for memory? The area of this model is o /N eqU|I.|br|um probability d'Str'b_Ut'Oh' |
@ Which synaptic state transition topologies maximize measures of memory? A= — Z Py |k — (K)|. @ We fmc_l a memory envellope. a single cur\(e that cannot be exceeded .by the memory c.:urve of any synaptic model.

k @ Synaptic complexity (M internal states) raises the memory envelope linearly in M for times > O(M).

This is maximized when the equilibrium probabllity distribution is concentrated at both ends.
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The upper bounds on initial SNR and area tell us:
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We use the ideal observer approach: read synaptic weights directly. This is an upper bound on what could be read from network activity.
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