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Biological computation 

Biology-inspired computation









Fine-scale, detailed modelling

Advantages

• few free parameters (values obtained from experiments) 

• more constrained by data: 

• direct relationship to fine-scale data (electrode recordings, anatomy) 

• relationship to coarse-scale data by forward, mechanistic modelling 

Disadvantages

• complex, difficult to understand, interpret 

• missing data —> more free parameters to be fitted



A detailed model of cat primary visual cortex

• 5x5 deg patch of parafoveal 
V1, Layers 2/3, 4 

• 90000 neurons, 29 million 
synapses (downsampling) 

• 4:1 ratio of 
excitatory:inhibitory neurons 

• thalamocortical synapses 
<5% of synaptic input in 
layer 4 

• AdExp neuron 
     model

Ján Antolík



CCLISSOM model 
Antolik & Bednar (2012), Front. Comput. Neurosci



Data sources for model construction

• spatial and temporal parameters of LGN receptive field - Allen & Freeman (2006) 
• luminance and contrast saturation of LGN relay neurons - Papaioannou & White (1972), Bonin et al. (2005) 
• variability of LGN responses - Troyer, Kruwkowski et al. (1998) 
• neuron parameters (resting potential, membrane time constant, membrane resistance, threshold potential, 

refractory period, sub-threshold adaptation, spike-triggered adaptation) - Monier et al. (2008) McCormick 
et al. (1985), Jolivet et al. (2008) 

• lateral axonal propagation delays - Bringuier et al. (1999), Chavane et al. (2011) 
• synaptic depression 

• at thalamocortical synapses - Banitt et al. (2007), Kremkow et al. (2011) 
• at corticocortical synapses - Markram et al. (1998) 

• average weights of corticocortical synapses by type - Hoffmann et al. (2015), Cruikshank et al. (2007) 
• statistics of synaptic connections - Rockland et al. (2013), Stepanyants et al. (2009), Boucsein et al. (2011), 

da Costa & Martin (2011)  
• failure rates in cortico-cortical synapses - Stratford et al. (1996), Allen & Stevens (1994)  
• weak functional bias of V1 connectivity - Buzás et al. (2006), Ko et al. (2011) 
• spatial extent of local intra-cortical connectivity - Stepanyants et al. (2008), Angelucci et al. (2002), Budd & 

Kisvárday (2001) 
• no clustering of spatial phase in cat V1 - Ziskind (2013) 
• size and shape of V1 receptive fields -  Jones & Palmer (1987)



Data sources for model construction

Stepanyants et al. (2008)



Model validation: spontaneous activity

Model



Model validation: spontaneous activity

Model



Model validation: drifting gratings

Model



Model validation: drifting gratings

Model



Model validation: nominal and measured orientation preference maps

Model



Model validation: contrast-independent orientation tuning

Model



Model validation: size tuning

Akasaki et al 2002  - Layer 2/3Expt.



Model validation: size tuning

Model



Model validation: orientation contrast tuning

Sillito	
  and	
  Jones	
  1996Expt.



Model validation: orientation contrast tuning

Model



Model validation: responses to natural stimuli

Expt. Baudot et al. (2013)



Model validation: responses to natural stimuli

Expt.



Model validation: responses to natural stimuli

Model





Approximations and simplifications

• combined retina-LGN model 

• no corticothalamic feedback 

• only layers 2/3 and 4C 

• integrate-and-fire neurons 

• only two cell types per layer 

• no NMDA receptors 

• …



Summary

1. The brain is complex, and multiplexes many 
activities in the same circuit 

2. Modelling as a tool for data integration: 

• one model to explain all the data, not one model 
for each phenomenon



Model implementation

Mozaik workflow framework - Antolík and Davison, 2014 



Model and experiment description

• Python script using the PyNN API 

• PyNN allows same model to be simulated on NEST, 
NEURON, Brian and the HBP neuromorphic 
computing systems

import pyNN.nest as simulator 

import pyNN.neuron as simulator 

import pyNN.nmpm1 as simulator 

import pyNN.spiNNaker as simulator



import pyNN.nest as simulator	
  
import pyNN.neuron as simulator	
  
import pyNN.nmpm1 as simulator	
  
import pyNN.spiNNaker as simulator	
  

p1 = simulator.Population(size1, cell_type, 	
  
                          structure)	
  
p2 = simulator.Population(size2, another_cell_type,	
  
                          structure)	
  
all = p1 + p2	
  
all.record([‘spikes’, ‘v’])	
  

connections = simulator.Projection(p1, p2,	
  
                                   connection_rule,           	
  
                                   synapse_type)	
  
simulator.run(1000.0)



Verification, cross-checking  
and model sharing

nest_model.sli DataNEST

nrn_model.hoc DataNEURON

brian_model.py DataBrian

A	
  single	
  researcher	
  or	
  single	
  lab	
  
cannot	
  hope	
  to	
  model	
  everything	
  of	
  
interest.	
  

Need	
  to	
  build	
  on	
  previous	
  work:	
  	
  
re-­‐use	
  and	
  extend	
  exisCng	
  models.	
  

But	
  almost	
  all	
  models	
  only	
  run	
  on	
  a	
  
single	
  simulator,	
  and	
  translaCon	
  is	
  
challenging	
  and	
  Cme	
  consuming.	
  

Hence	
  not	
  reusable	
  or	
  testable.



A common API for neuronal network modelling

NEST

model.py Data

NEURONBrian

neuromorphic hardware

Goals: 
• facilitate model sharing and reuse 
• simplify validation of simulation 

results 
• provide a common platform on which 

to build other tools (stimulation, 
analysis, visualization, GUIs) 

• provide a more powerful API for 
neuronal network modelling (save 
scientist time) 

• hide complexity of parallelization from 
user (increased computational 
efficiency without decreased scientist 
efficiency)

Davison et al. (2009)



Neuron types

parameter_space = { 
    'tau_m': RandomDistribution('uniform', (10.0, 15.0)), 
    'cm':    0.85, 
    'v_rest': lambda i: np.cos(i*pi*10/n), 
    'v_reset': np.linspace(-75.0, -65.0, num=n)} 

cell_type = IF_cond_exp(**parameter_space)



Populations and assemblies

structure = RandomStructure(boundary=Sphere(radius=200.0)) 

cells = Population(100, thalamocortical_relay_neuron,  
                   structure=structure, 
                   initial_values={'v': RandomDistribution('uniform', (-75, -55)},                          
                   label="Thalamocortical neurons") 

view = cells[:80]        # the first eighty neurons
view = cells[::2]        # every second neuron
view = cells[45, 91, 7]  # a specific set of neurons 
view = cells.sample(50)  # 50 neurons at random 

... 

layer4 = spiny_stellates + l4_interneurons  # an Assembly



Connectivity

rng = NumpyRNG(seed=64754) 

sparse_connectivity = FixedProbabilityConnector(0.1, rng=rng) 

weight_distr = RandomDistribution('normal', [0.01, 1e-3], rng=rng)

facilitating = TsodyksMarkramSynapse(U=0.04, tau_rec=100.0,   
                                     tau_facil=1000.0, 
                                     weight=weight_distr,   
                                     delay=lambda d: 0.1+d/100.0) 
space = Space(axes='xy') 

inhibitory_connections = Projection(pre, post, 
                                    connector=sparse_connectivity, 
                                    synapse_type=facilitating, 
                                    receptor_type='inhibitory', 
                                    space=space, 
                                    label="inhibitory connections")



Data handling



V1 model on neuromorphic hardware

• preliminary work to adapt model to Heidelberg 
hardware 

1. simplified version - single column, Layer 4 only, 
4000 neurons, additional background noise 

2. adapt parameters to be within ranges 
compatible with the hardware, run on NEST 
simulator 



Adapt parameters to be within ranges compatible with the 
hardware  

1. Excitatory neurons  
(a) spike threshold: -57 mV to -50 mV.  
(b) post-spike voltage reset: -65 to -70 mV.  
(c) membrane capacitance: 0.29 to 0.2 nF. 
(d) time-constant of excitatory synapses: 1.5 to 2.5 ms.  
(e) excitatory background synaptic input: 3000 to 1500 Hz.  
(f) inhibitory background synaptic input: 2000 to 1500 Hz.  
(g) thalamo-cortical synapses: 1nS to 2nS  
2. Inhibitory neurons  
(a) spike threshold: -57 mV to -50 mV.  
(b) post-spike voltage reset: -65 to -70 mV.  
(c) membrane capacitance: 0.141 to 0.2 nF.  
(d) membrane time-constant: 7.5 to 6.4 nF.  
(e) time-constant of excitatory synapses: 1.5 to 2.5 ms. 
(f) excitatory background synaptic input: 2000 to 1500 Hz.  
(g) inhibitory background synaptic input: 2000 to 1500 Hz.  
(h) thalamo-cortical synapses: 2nS to 10nS 







V1 model on neuromorphic hardware
• Adapting model to Heidelberg hardware: 

1. simplified version - single column, Layer 4 only, 4000 neurons, 
additional background noise 

2. adapt parameters to be within ranges compatible with the 
hardware, run on NEST simulator  

3. run on hardware simulator (“ESS”) 

• bandwidth limitations due to background noise 

• current strategy - use noise-generating networks on the wafer 
instead of external Poisson noise 

• full model does not require such high levels of injected noise 

4. run on hardware (not yet attempted)



Human Brain Project: Neuromorphic Computing Platform

Public release

April 2016
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The HBP Physical Model System 
(Heidelberg Site) 

4M	
  Adex	
  Neurons,	
  1B	
  conductance	
  based	
  synapses	
  
10000x	
  acceleration	
  beyond	
  real-­‐time



The HBP Many-Core System 
 (Manchester Site)

103	
  machine:	
  864	
  cores,	
  1	
  PCB,	
  75W	
   104	
  machine:10,368	
  cores,	
  1	
  rack,	
  900W	
  
	
  	
  	
  	
  (NB	
  12	
  PCBs	
  for	
  operation	
  without	
  aircon)	
  

105	
  machine:	
  103,680	
  cores,	
  1	
  cabinet,	
  9kW	
  

106	
  machine:	
  1M	
  cores,	
  10	
  cabinets,	
  90kW	
  



Submitting a job



Python client
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