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Training RNNs on neuroscience tasks is difficult
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to delay movement as instructed,

and RNN fails to double-reach
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and RNN fails to double-reach

Here, we develop SOFO:

• a 2nd-order optimizer

• greatly facilitates RNN training
• not requiring backprop
• small memory complexity
independent of time horizon
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Here, we develop SOFO:

• a 2nd-order optimizer, which
• greatly facilitates RNN training, whilst
• not requiring backprop, thus having
• small memory complexity
independent of time horizon
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need g̃ = Θ⊤g

and G̃ = Θ⊤GΘ

both can be obtained without backpropagation
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SOFO is memory and compute efficient

training a vanilla RNN to learn adaptive Kalman filtering
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