Biological learning in key-value memory networks
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In neuroscience, Hopfield networks [1] are the classical biologically plausible model of long-term memory, relying on Hebbian plasticity for storage
and attractor dynamics for recall. In contrast, memory networks in machine learning Commonly use a key-value mechanism [2], but it has remainec
unclear whether it can be implemented by biological systems. Here, we propose a set of of biologically plausible three-factor plasticity rules [3
for a simple key-value memory network [4] which performs on par with classical Hopfield networks, and can be naturally extended to more complex
tasks -- including manipulation of indivudual stored memories -- or embedded in a larger neural system. Overall, our results suggest a compelling
alternative to the classical Hopfield network as a model of biological long-term memory.
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with Hopfield networks, and identical to a machine learning key-value
memory network (TVT) [5]. Capacity scales linearly with the number of
hidden neurons, as with the Hopfield network, but with the advantage of
decoupled input dimension and memory capacity.
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Unlike the Hopfield network's fully distributed storage, our network's factorized architecture With distinct input and output layers, our network can be naturally extended to
avoids catastrophic forgetting during continual recall, reduces interference between heteroassociatve memory. Including recurrent connections from the output to the
correlated memories, and allows manipulating individual memories through simple input, the network performs sequence learning. Embedding our network In a larger
meta-plasticity for extended storage of "flashbulb memories. system enables storing and recalling arbitrary input sequences.
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