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Hierarchical generalized linear models of dendritic integration
and somatic membrane potential
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Our approach: hierarchical GLMs (hGLMs)

Warm-up: single linear dendrite
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Two-layer network: “full” inference (unknown architecture)
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GLMs in Neuroscience 101

GLMs offer a battle-tested set of tools for building statistical models in neuroscience.
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adapted from Pillow 2011

key differences
• spikes as output vs. 

spikes as input
• Poisson vs. Gaussian
• single vs. multi layer

extract
stack

Using recent history of incoming spikes as model input 
allows for the representation of temporal selectivity.
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Basis expansion of linear filter reduces number of 
parameters to infer and imposes temporal smoothness.
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Weight inference (60% CI)

generation parameters

N = 10
⌧ = 100

k ⇠ N (0, 1)
X ⇠ 1% spikes

T = 4000
�2 = 1

generation parameters
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⌧ = 100

X ⇠ 1% spikes
w ⇠ lognormal (1, 1)
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•smarter structure learning (synapse-wise Laplacian prior)
•smart initialization (Bussgang)
•more efficient optimization (EM)
•extension to hidden state space models
•fitting model to data from compartmental models and glutamate uncaging experiments
•comparing functional architecture (inferred by the model) to anatomical morphology
•studying how functional architecture may depend on input statistics, neuromodulators
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Weight inference (50% CI)
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Schiller et al 2000

Peak somatic membrane potential is a 
nonlinear function of dendritic stimulation...
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Prediction error (40% CI)
Noise

naive Laplacian 
prior is not enough 
to reliably learn 
structure
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