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Neuropixels data

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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D̃ij(tR) = Dij(tR)/ Ñij .

0.0 0.2 0.4 0.6 0.8 1.0 1.2 1.4
Neuron 1

Neuron 2

(a) Spike raster

0.0 0.2 0.4 0.6 0.8 1.0 1.2 1.4
Neuron 1

Neuron 2

(b) Convolved waveforms wi(t)

0.0 0.2 0.4 0.6 0.8 1.0 1.2 1.4
Time (s)

0.0

0.5

1.0

(c) (w1(t) ° w2(t))2

x1

x2

exp( − t
tR )

w2

w1



Principal workflow I
1. Synthetic raster:  

 

2. Noise , where 
. 

3. van Rossum distance matrix from raster:
. 

4. Apply the min-max kernel to  using

 

5. Construct the similarity matrix 
 

tk
b = (ϕb + k) × ISI + ζk

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

D̃

D̃

f (D) =
D − min(D)

max(D) − min(D)
.

A = 1 − f (D̃) .



Louvain algorithm for 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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Principal workflow II

Apply Louvain algorithm



Results



Application to LIF neurons
We apply this methodology to a stochastic block model 
(SBM) network of Leaky Integrate and Fire (LIF) neurons, 
subjected to external Poisson drive: 
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Applying on Neuropixels data from Allen Brain Institute
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]



Applying on Neuropixels data from Allen Brain Institute



Questions/comments/suggestions?
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