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Motivation: give the circuit another way to use itself

Give the model a biology-inspired control channel, then ask what computation it discovers.
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Question: if this control channel is available, what does the circuit learn to use it for?




Hypothesis: the same circuit can compute differently in different states
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Same wiring + Different circuit state = Different computation.




Model: recent activity controls circuit dynamics

A recurrent spiking circuit performs the task while a modulatory pathway changes its parameters.
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Parameters can include time constants, threshold, reset and resting potential.
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Modulation improves performance across sensory tasks

The effect generalises beyond a single stimulus domain.
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Main point:
This is a general dynamic-
control benefit, not a task-
specific trick.
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A harder test: speech in dynamically changing noise

This is the setting where rapid within-stimulus modulation should matter most.

[ Speech signal ]*[ + Fluctuating noise } —>[ Spike-train input ] —>[ Recognise word
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The largest benefit appears near the failure boundary

Modulation helps most when recognition is possible but unreliable.

SAM noise Natural noise

—s— Unmodulated
—eo— Modulated
Random chance

—

)
o~
S
>
@]
M
—
>
o
v}
<

Accuracy (%)

—20 -10 -20 -10 0
SNR (dB) SNR (dB)




The network preferentially processes quieter moments

A dip-listening-like strategy emerges from training.
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Quiet windows carry more useful evidence.
The model learns to increase relative processing during those windows.




The strategy is not tied to one memorised waveform

The qualitative behaviour survives changes in the noise structure.
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Biological detail can be added without destroying the effect

The same conclusions survive slower, spatially diffuse and lower-dimensional modulation.
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These mappings can be learned, or manually chosen if the goal is a specific biological hypothesis.
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Modulation also changes how the population uses spikes

Under spike pressure, modulated networks stay sparse but distributed.
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Questions?

Dr Dan Goodman
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Shapley Analysis (Output)
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Neuron activation by regularisation
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