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The model: hierarchical linear-nonlinear cascade (hLN)
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...and sensitive to temporal order of inputs.

Future work

Experiment 1: role of input statistics

Fitting the model to data
• Branco, T., Clark, B.A., & Häusser, M. (2010). Dendritic Discrimination of Temporal Input Sequences in 

Cortical Neurons. Science.
• Hines, M. & Carnevale, T. (1997). The NEURON simulation environment. Neural Computation.
• Pillow, J. W., Shlens, J., Paninski, L., Sher, A., Litke, A. M., Chichilnisky, E. J., & Simoncelli, E. P. (2008). 

Spatio-temporal correlations and visual signaling in a complete neuronal population. Nature.
• Poirazi, P., Brannon, T., & Mel, B. W. (2003). Pyramidal neuron as two-layer neural network. Neuron.
• Schiller, J., Major, G., Koester, H. J., & Schiller, Y. (2000). NMDA spikes in basal dendrites of cortical 

pyramidal neurons. Nature.

• smarter structure learning
• alternative basis functions (dendritically filtered alpha kernels)
• output feedback filter (to model temporally extended responses)
• extension to hidden state space models
• use of more natural synaptic inputs
• fit data from glutamate uncaging experiments
• comparing functional architecture (inferred by the model) to anatomical morphology

Schiller et al 2000

Peak somatic membrane potential is a 
nonlinear function of dendritic stimulation...

*Present address: Department of Physics, Princeton University, USA
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Pillow et al 2008
Both spatial and temporal clustering necessary 

to elicit nonlinear behavior.

Two-layer models do not perform significantly better than single global nonlinearity.
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Comparison to other modeling approaches

Poirazi et al 2003

“two-layer network” 
perceptron model

generalization simplification

•computational 
interpretability
•ease of fitting
•analytic tractability

•handles dynamic
inputs and outputs
•flexibly models
different cells/conditions

hLN model
multi-compartment 

models (e.g. Neuron)
Hines et al 1997

Compartmental model details
• cortical pyramidal neuron with AMPA and NMDA synapses of Branco et al 2010
• soma, axon, and 69 dendritic compartments
• active channels: Hodgkin-Huxley type Na+ and K+ channels, M-type K+ channel (slow, non-inactivating), 

Ca2+-dependent K+ channel, high-threshold Ca2+ current, and T-type Ca2+ channel
• all simulations performed in NEURON simulation environment (Hines & Carnevale 1997)

x(t) v(t)

We have developed a dynamic, analytically tractable, and computationally interpretable 
model for dendritic computation which can be fit to arbitrarily complex dendritic trees.
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