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Importance
1. Detect functional neural assemblies directly from spike trains. 

2. Bridge neural spike-train analysis with network science and 
community detection.  

3. Because neural recordings are high dimensional we need 
frameworks to reduce them into interpretable population 
structure. 

4. Functional assemblies are not directly observable: so activity 
based grouping is necessary. 

5. It is important to realise biological mesoscale structures. source: https://hero.fandom.com/wiki/
Cuthbert_Calculus

https://hero.fandom.com/wiki/Cuthbert_Calculus
https://hero.fandom.com/wiki/Cuthbert_Calculus
https://hero.fandom.com/wiki/Cuthbert_Calculus


Humphries (2011)



Neuropixels data (Allen Brain Institute)

Image credit: Allen Institute for Brain Science. [https://brain-map.org/our-research/circuits-behavior/visual-coding], 
[https://allensdk.readthedocs.io/en/latest/visual_coding_neuropixels.html]



van Rossum distance
1. We convolve a discrete spike train data  

                

2. Convolution: 

 

3. Pairwise distance: 

 

4. Normalised: 
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Principal workflow (vR-FCD)
1. vR-FCD: van Rossum-Functional 

Community Detection. 

2. Compute van Rossum distance matrix . 

3. Apply the min-max scheme to get the 
similarity matrix : 
 

 

 

4. This is the network representation. 

5. Apply Louvain. 

6. Measure error if ground-truth is known! 
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Louvain algorithm: community detection
1. This algorithm depends on optimising the modularity of the network:  

2. Here : element of the adjacency matrix, , and : the communities to which nodes  and   
belong respectively, and .  

3. Works in two phases: 
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Synthetic data
1. Synthetic raster:  

 

2. Noise , where 
. 

3. Here . 

tk
b = (ϕb + k) × ISI + ζk

ζk ∼ U[−σmax, σmax]
σmax = round(ISI × σ)

Φb = ϕb × ISI



Results



Modelling neuron dynamics
1. Neurons evolve over time. 

  
2. Examples of dynamical variables are 

(a) membrane voltage 
(b) firing rate 
(c) synaptic current 
(d) population activity 

3. Mathematically written 
as an ODE: 
 
dx
dt

= f(x, t)

Source: https://neuronaldynamics.epfl.ch/online/Ch12.html 
  

Source: https://commons.wikimedia.org/wiki/
File%3ANeuron.svg 

https://neuronaldynamics.epfl.ch/online/Ch12.html
https://commons.wikimedia.org/wiki/File%3ANeuron.svg
https://commons.wikimedia.org/wiki/File%3ANeuron.svg
https://commons.wikimedia.org/wiki/File%3ANeuron.svg


Application to Spiking Neural Networks
1. We apply this methodology to a stochastic block model 

(SBM) network of Leaky Integrate and Fire (LIF) 
neurons, 

2.  Subjected to external Poisson drive: 
 

  

3. 80% E (excitatory), and 20% I (inhibitory) neurons. 
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Application to Spiking Neural Networks



Application to Neuropixels data
1. We also apply to visual coding Neuropixels 

data from the Allen Institute dataset 

2. We only look at the “spontaneous” block 
between two stimuli for just the wild type 
mice. 

3. Only the “functional connectivity” dataset. 

Visual stimuli sets showing “Brain Observatory 1.1” and “Functional Con-
nectivity” types. Image credit: Allen Institute for Brain Science. [https://allensdk.
readthedocs.io/en/latest/visual_coding_neuropixels.html]



Application to Neuropixels data



 package: ‘vrfcd’ (pip install vrfcd)

Find it at github.com/indrag49/vrfcd 

https://github.com/indrag49/vrfcd


Future directions
1. Temporal and multiplex networks to track evolving 

communities. 

2. Directed and causal connectivity beyond symmetric 
similarities. 

3. Higher-order interactions beyond pairwise relations. 

4. Alternative spike-train metrics: Victor-Purpura distance. 

5. Better GPU and scalable implementations for larger 
Neuropixel datasets.

source: https://looneytunes.fandom.com/wiki/Wile_E._Coyote

https://looneytunes.fandom.com/wiki/Wile_E._Coyote


Questions? I’m all ears
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