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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 exis>ng models. 

But almost all models only run on a 
single simulator, and transla>on is 
challenging and >me consuming. 

Hence not reusable or testable.



Simulator diversity: problem and opportunity

Cons 

• Considerable difficulty in translating models from one simulator to another... 

• ...or even in understanding someone else’s code. 

• This: 

- impedes communication between investigators, 

- makes it harder to reproduce other people’s work, 

- makes it harder to build on other people’s work. 

Pros 

• Each simulator has a different balance between efficiency, flexibility, scalability and 
user-friendliness → can choose the most appropriate for a given problem. 

• Any given simulator is likely to have bugs and hidden assumptions, which will be 
revealed by cross-checking results between different simulators → greater confidence 
in correctness of results.



Having your cake and eating it

Simulator-independent environments for 
developing neuroscience models: 

• keep the advantages of having multiple 
simulators or hardware devices 

• but remove the translation barrier. 

Three (complementary) approaches: 

• GUI (e.g. neuroConstruct) 

• XML/JSON-based language (e.g. NeuroML, 
NineML) 

• interpreted language (e.g. Python)
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A common API for neuronal network 
modelling

NEST

model.py Data

NEURONBrian

Goals: 
•facilitate model sharing and reuse 
•simplify valida>on of simula>on 

results 
•provide a common plaCorm on 

which to build other tools 
(s>mula>on, analysis, 
visualiza>on, GUIs) 

•provide a more powerful API for 
neuronal network modelling (save 
scien>st >me) 

•hide complexity of paralleliza>on 
from user (increased 
computa>onal efficiency without 
decreased scien>st efficiency)

hLp://neuralensemble.org/PyNN/
SpiNNaker BrainScaleS



Capabilities

Simulator 1

Simulator 2

Simulator 3



Installation

$ pip install PyNN

Documentation

http://neuralensemble.org/PyNN/

Licence

CeCILL  (GPL-equivalent)

Mailing list

https://groups.google.com/forum/#!forum/neuralensemble

http://neuralensemble.org/PyNN/



sim.setup(timestep=0.1) 

cell_parameters = {”tau_m”: 12.0, ”cm”: 0.8, ”v_thresh”: -50.0} 
pE = sim.Population(2e4, sim.IF_cond_exp(**cell_parameters)) 
pI = sim.Population(5e3, sim.IF_cond_exp(**cell_parameters)) 
all = pE + pI 
input = sim.Population(100, sim.SpikeSourcePoisson( 
           rate=random.RandomDistribution(”normal”, (10.0, 2.0))))     
all.inject(sim.NoisyCurrentSource(mean=0.1, stdev=0.01)) 

weight_distr = random.RandomDistribution(”uniform”, (0.0, 0.1)) 
DDPC = sim.DistanceDependentProbabilityConnector 
connector = DDPC(”exp(-d**2/400.0)”, weights=weight_distr, 
                 delays=”0.5+0.01d”) 
depressing = sim.TsodyksMarkramMechanism(U=0.5, tau_rec=800.0)  

exc = sim.Projection(pE, all, connector, 
            synapse_type=”depressing”, receptor_type=”excitatory”) 
inh = sim.Projection(pI, all,  
                     connector, receptor_type=”inhibitory”)



import pyNN.nest as sim 

sim.setup(timestep=0.1) 

cell_parameters = {”tau_m”: 12.0, ”cm”: 0.8, ”v_thresh”: -50.0} 
pE = sim.Population(2e4, sim.IF_cond_exp(**cell_parameters)) 
pI = sim.Population(5e3, sim.IF_cond_exp(**cell_parameters)) 
all = pE + pI 
input = sim.Population(100, sim.SpikeSourcePoisson( 
           rate=random.RandomDistribution(”normal”, (10.0, 2.0))))     
all.inject(sim.NoisyCurrentSource(mean=0.1, stdev=0.01)) 

weight_distr = random.RandomDistribution(”uniform”, (0.0, 0.1)) 
DDPC = sim.DistanceDependentProbabilityConnector 
connector = DDPC(”exp(-d**2/400.0)”, weights=weight_distr, 
                 delays=”0.5+0.01d”) 
depressing = sim.TsodyksMarkramMechanism(U=0.5, tau_rec=800.0)  

exc = sim.Projection(pE, all, connector, 
            synapse_type=”depressing”, receptor_type=”excitatory”) 
inh = sim.Projection(pI, all,  
                     connector, receptor_type=”inhibitory”)



import pyNN.neuron as sim 

sim.setup(timestep=0.1) 

cell_parameters = {”tau_m”: 12.0, ”cm”: 0.8, ”v_thresh”: -50.0} 
pE = sim.Population(2e4, sim.IF_cond_exp(**cell_parameters)) 
pI = sim.Population(5e3, sim.IF_cond_exp(**cell_parameters)) 
all = pE + pI 
input = sim.Population(100, sim.SpikeSourcePoisson( 
           rate=random.RandomDistribution(”normal”, (10.0, 2.0))))     
all.inject(sim.NoisyCurrentSource(mean=0.1, stdev=0.01)) 

weight_distr = random.RandomDistribution(”uniform”, (0.0, 0.1)) 
DDPC = sim.DistanceDependentProbabilityConnector 
connector = DDPC(”exp(-d**2/400.0)”, weights=weight_distr, 
                 delays=”0.5+0.01d”) 
depressing = sim.TsodyksMarkramMechanism(U=0.5, tau_rec=800.0)  

exc = sim.Projection(pE, all, connector, 
            synapse_type=”depressing”, receptor_type=”excitatory”) 
inh = sim.Projection(pI, all,  
                     connector, receptor_type=”inhibitory”)



import pyNN.brian as sim 

sim.setup(timestep=0.1) 

cell_parameters = {”tau_m”: 12.0, ”cm”: 0.8, ”v_thresh”: -50.0} 
pE = sim.Population(2e4, sim.IF_cond_exp(**cell_parameters)) 
pI = sim.Population(5e3, sim.IF_cond_exp(**cell_parameters)) 
all = pE + pI 
input = sim.Population(100, sim.SpikeSourcePoisson( 
           rate=random.RandomDistribution(”normal”, (10.0, 2.0))))     
all.inject(sim.NoisyCurrentSource(mean=0.1, stdev=0.01)) 

weight_distr = random.RandomDistribution(”uniform”, (0.0, 0.1)) 
DDPC = sim.DistanceDependentProbabilityConnector 
connector = DDPC(”exp(-d**2/400.0)”, weights=weight_distr, 
                 delays=”0.5+0.01d”) 
depressing = sim.TsodyksMarkramMechanism(U=0.5, tau_rec=800.0)  

exc = sim.Projection(pE, all, connector, 
            synapse_type=”depressing”, receptor_type=”excitatory”) 
inh = sim.Projection(pI, all,  
                     connector, receptor_type=”inhibitory”)



import pyNN.spiNNaker as sim 

sim.setup(timestep=0.1) 

cell_parameters = {”tau_m”: 12.0, ”cm”: 0.8, ”v_thresh”: -50.0} 
pE = sim.Population(2e4, sim.IF_cond_exp(**cell_parameters)) 
pI = sim.Population(5e3, sim.IF_cond_exp(**cell_parameters)) 
all = pE + pI 
input = sim.Population(100, sim.SpikeSourcePoisson( 
           rate=random.RandomDistribution(”normal”, (10.0, 2.0))))     
all.inject(sim.NoisyCurrentSource(mean=0.1, stdev=0.01)) 

weight_distr = random.RandomDistribution(”uniform”, (0.0, 0.1)) 
DDPC = sim.DistanceDependentProbabilityConnector 
connector = DDPC(”exp(-d**2/400.0)”, weights=weight_distr, 
                 delays=”0.5+0.01d”) 
depressing = sim.TsodyksMarkramMechanism(U=0.5, tau_rec=800.0)  

exc = sim.Projection(pE, all, connector, 
            synapse_type=”depressing”, receptor_type=”excitatory”) 
inh = sim.Projection(pI, all,  
                     connector, receptor_type=”inhibitory”)



• neuron and synapse models

• populations

• connectivity

• recording & data handling

Overview of the PyNN API



• “standard” models

• native models

• NineML and NeuroML models

Neuron and synapse models



Standardized neuron and synapse models

• For a given cell model:

- identify (NEST, SpiNNaker, BrainScaleS) or build (NEURON, Brian) 
a model with the desired behaviour

- map model name and parameter names and units

- (test that each simulator gives the same results)

cell_type = sim.IF_cond_exp(tau_m=12.0, cm=0.8, ...) 

synapse_type = sim.TsodyksMarkramSynapse(U=0.04, tau_rec=500.0)

>>> sim.list_standard_models() 
['IF_cond_alpha', 'HH_cond_exp', 'IF_curr_exp', 'IF_cond_exp', 
'EIF_cond_exp_isfa_ista', 'SpikeSourceArray', 
'IF_cond_exp_gsfa_grr', 'IF_facets_hardware1', 
'SpikeSourcePoisson', 'EIF_cond_alpha_isfa_ista', 
'IF_curr_alpha']



Example: Leaky integrate-and-fire model with fixed firing threshold, 
and current-based, alpha-function synapses.

PyNN NEURON NEST PCSIM

IF_curr_alpha StandardIF 
(type=”current”, shape=”alpha”) iaf_psc_alpha LIFCurrAlphaNeuron

v_rest mV v_rest mV E_L mV Vresting V

v_reset mV v_reset mV V_reset mV Vreset V

cm nF CM nF C_m pF Cm F

tau_m ms tau_m ms tau_m ms taum s

tau_refrac ms t_refrac ms t_ref ms Trefract s

tau_syn_E ms tau_syn_E ms tau_syn_ex ms TauSynExc s

tau_syn_I ms tau_syn_IU ms tau_syn_in ms TauSynInh s

v_thresh mV v_thresh mV V_th mV Vthresh V

i_offset nA i_offset nA I_e pA Iinject A

Standardized neuron and synapse models



• can wrap any model provided by/buildable 
with a given simulator to use with PyNN:

from pyNN.nest import native_cell_type, native_synapse_type

ht_neuron = native_cell_type(“ht_neuron”)
poisson = native_cell_type(“poisson_generator”)

cell_type = ht_neuron(Tau_m=20.0)
input_type = poisson(rate=200.0)

stdp = native_synapse_type(“stdp_synapse”)

synapse_type = stdp(Wmax=50.0, lambda=0.015)

Native neuron and synapse models



from nrnutils import Mechanism, Section
from pyNN.neuron import NativeCellType

class SimpleNeuron(object):

    def __init__(self, **params):
        hh = Mechanism('hh', gl=params['g_leak'], el=-65,
                       gnabar=params['gnabar'], gkbar=params['gkbar'])
        self.soma = Section(L=30, diam=30, mechanisms=[hh])
        self.soma.add_synapse('ampa', 'Exp2Syn', e=0.0, tau1=0.1, 

              tau2=5.0)
.
.

class SimpleNeuronType(NativeCellType):
    default_parameters = {'g_leak': 0.0002, 'gkbar': 0.036, 
                          'gnabar':  0.12}
    default_initial_values = {'v': -65.0}
    recordable = ['soma(0.5).v', 'soma(0.5).ina']
    model = SimpleNeuron

cell_type = SimpleNeuronType(g_leak=0.0003)

Native neuron and synapse models



More flexible cell, synapse and plasticity models

...describe model in simulator-independent way 
then generate code for each simulator



More flexible cell, synapse and plasticity models

Model description languages:

...describe model in simulator-independent way 
then generate code for each simulator



More flexible cell, synapse and plasticity models

Model description languages:

• NeuroML v2 / LEMS - future work

• NineML - supported for NEURON, NEST

• NESTML - future work

...describe model in simulator-independent way 
then generate code for each simulator



NineML cell, synapse and plasticity models

cell_type = nineml_cell_type("iaf_3coba", 

                             "iaf.xml", 

                             AMPA="coba_syn.xml", 

                             NMDA="nmda_syn.xml", 

                             GABAA="coba_syn.xml") 

parameters = { 

    'iaf.cm': 1.0, 'iaf.gl': 50.0, 'iaf.taurefrac': 5.0, 

    'iaf.vrest': -65.0, 'iaf.vreset': -65.0, 'iaf.vthresh': -50.0, 

    'AMPA.tau': 2.0, 'GABAa.tau': 5.0, 'AMPA.vrev': 0.0, 'GABAa.vrev': -70.0, 

    'nmda.taur': 3.0, 'nmda.taud': 40.0, 'nmda.gmax': 1.2, 'nmda.E': 0.0, 

    'nmda.gamma': 0.062, 'nmda.mgconc': 1.2, 'nmda.beta': 3.57 

} 

p = sim.Population(size, celltype_cls, parameters) 

 

- allows multi-simulator use of arbitrary cell models, no more fixed standard library

- based on Python lib9ML



• neuron and synapse models

• populations

• connectivity

• recording & data handling

Overview of the PyNN API



Population

Population
Population 

View

Assembly



Population

Assembly



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

cells = Population(100, thalamocortical_type, 
                   structure=structure,
                   initial_values={'v': -70.0},                         
                   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

Populations



• neuron and synapse models

• populations

• connectivity

• recording & data handling

Overview of the PyNN API



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")



Connectivity

OneToOneConnector
AllToAllConnector
FixedProbabilityConnector
DistanceDependentProbabilityConnector
FixedNumberPreConnector
FixedNumberPostConnector
FromListConnector
FromFileConnector
CSAConnector
SmallWorldConnector

Each connectivity/wiring algorithm encapsulated in a 
class.

Fairly straightforward to write your own.



• neuron and synapse models

• populations

• connectivity

• recording & data handling

Overview of the PyNN API



http://neuralensemble.org/neo



ndarray

NumPy

quantities

units

neo

sampling rate
start time



Data-handling

http://neuralensemble.org/trac/PyNN/wiki/ChangesToDataHandling

cell = sim.Population(1, sim.HH_cond_exp())
step_current = sim.DCSource(start=20.0, stop=80.0)
step_current.inject_into(cell)

cell.record('v')

for amp in (-0.2, -0.1, 0.0, 0.1, 0.2):
    step_current.amplitude = amp
    sim.run(100.0)
    sim.reset(annotations={"amplitude": amp*nA})

data = cell.get_data()

sim.end()

for segment in data.segments:
    vm = segment.analogsignalarrays[0]
    plt.plot(vm.times, vm,
             label=str(segment.annotations["amplitude"]))
plt.legend(loc="upper left")
plt.xlabel("Time (%s)" % vm.times.units._dimensionality)
plt.ylabel("Membrane potential (%s)" % vm.units._dimensionality)



Data-handling

http://neuralensemble.org/trac/PyNN/wiki/ChangesToDataHandling

cell = sim.Population(1, sim.HH_cond_exp())
step_current = sim.DCSource(start=20.0, stop=80.0)
step_current.inject_into(cell)

cell.record('v')

for amp in (-0.2, -0.1, 0.0, 0.1, 0.2):
    step_current.amplitude = amp
    sim.run(100.0)
    sim.reset(annotations={"amplitude": amp*nA})

data = cell.get_data()

sim.end()

for segment in data.segments:
    vm = segment.analogsignalarrays[0]
    plt.plot(vm.times, vm,
             label=str(segment.annotations["amplitude"]))
plt.legend(loc="upper left")
plt.xlabel("Time (%s)" % vm.times.units._dimensionality)
plt.ylabel("Membrane potential (%s)" % vm.units._dimensionality)



Elephant



Adding a new PyNN backend

• Each backend is a separate Python package

• Implementation choices:

- entirely independent implementation from scratch 
(e.g. in C++ with Python wrapper)

- implement minimal hooks for the “common” 
implementation

- anywhere in between



Adding a new PyNN backend

• Each backend is a separate Python package

• Implementation choices:

- entirely independent implementation from scratch 
(e.g. in C++ with Python wrapper)

- implement minimal hooks for the “common” 
implementation

- anywhere in between

https://arxiv.org/abs/2003.09696New!



SONATA

from pyNN.network import Network
from pyNN.serialization import export_to_sonata

sim.setup()
...
# create populations, projections, etc.
...

# add populations and projections to a Network
net = Network(pop1, pop2, ...., prj1, prj2, ...)

export_to_sonata(net, "sonata_output_dir")

from pyNN.serialization import import_from_sonata, load_sonata_simulation_plan
from pyNN.serialization.sonata import SonataIO
import pyNN.neuron as sim

simulation_plan = load_sonata_simulation_plan("simulation_config.json")
simulation_plan.setup(sim)
net = import_from_sonata("circuit_config.json", sim)
simulation_plan.execute(net)

data = SonataIO("sonata_output_dir").read()

export

import and run simulation



Work in progress…



Multi-simulations

http://software.incf.org/software/music



Multi-simulations

Model definition DataNEST

nest_model.py

Model definition

nrn_model.py

DataNEURON

MUSIC config



Multi-simulations in PyNN

Model definition Data

NEST

pyNN_model.py

NEURON



Multi-simulations in PyNN
from pyNN import music 

vizapp = music.Config("vizapp", 1, "/path/to/vizapp", "args") 
sim1, sim2, viz = music.setup(music.Config("neuron", 10),  
                              music.Config("nest", 20),     
                              vizapp)   
                                                    
sim1.setup(timestep=0.025) 
sim2.setup(timestep=0.1) 
pE = sim1.Population((100,100), sim.IF_cond_exp, label="excitatory") 
pI = sim2.Population((50,50), sim.IF_cond_exp, label="inhibitory") 

def connector(sim): 
    DDPC = getattr(sim, "DistanceDependentProbabilityConnector") 
    return DDPC("exp(-d**2/400.0)", weights=0.05, delays="0.5+0.01d") 
e2e = sim1.Projection(pE, pE, connector(sim1), target="excitatory") 
e2i = music.Projection(pE, pI, connector(music), target="excitatory") 
i2i = sim2.Projection(pI, pI, connector(sim2), target="inhibitory") 

output = music.Port(pE, "spikes", viz, "pE_spikes_viz") 

music.run(1000.0) 



PyNN 2: morphologies 
and ion channels

http://neuralensemble.org/docs/PyNN/2.0/



Extending the PyNN API

• The scope of PyNN was originally limited to networks of 
point neurons (integrate-and-fire and related models). 
The primary reason for this was that at the time only the 
NEURON simulator had both support for 
multicompartment models and a Python interface.

• This situation has now changed, with the release of Brian 
2, the addition of Python support to MOOSE, 
development of the Arbor simulation library, and support 
for multicompartment models in the future versions of 
the BrainScaleS and SpiNNaker neuromorphic chips.

• We are therefore adapting the PyNN API to support 
both point neuron models and morphologically-and-
biophysically-detailed neuron models (and mixed 
networks of both model types).



Design goals

The principal design goals are:

1. maintain the same main level of abstraction: 
populations of neurons and the sets of connections 
between populations (projections);

2. backwards compatibility (point neuron models 
created with PyNN 1.0 (not yet released) or later 
should work with no, or minimal, changes);

3. integrate with other open-source simulation 
tools and standards (e.g. NeuroML) wherever 
possible, rather than reinventing the wheel;

4. support neuromorphic hardware systems.



Example: ball-and-stick model

from neuroml import Segment, Point3DWithDiam as P 
from pyNN.morphology import NeuroMLMorphology, uniform 
from pyNN.parameters import IonicSpecies 
import pyNN.neuron as sim 

sim.setup(timestep=0.025) 

soma = Segment(proximal=P(x=0, y=0, z=0, diameter=18.8), 
               distal=P(x=18.8, y=0, z=0, diameter=18.8), 
               name="soma", id=0) 
dend = Segment(proximal=P(x=0, y=0, z=0, diameter=2), 
               distal=P(x=-500, y=0, z=0, diameter=2), 
               name="dendrite", 
               parent=soma, id=1)

morphology defined  
using libNeuroML

standard library 
of ion channels

cell_class = sim.MultiCompartmentNeuron 
cell_class.label = "ExampleMultiCompartmentNeuron" 
cell_class.ion_channels = {"pas": sim.PassiveLeak, "na": sim.NaChannel,  
                           "kdr": sim.KdrChannel} 

cell_type = cell_class(morphology=NeuroMLMorphology(segments=(soma, dend)), 
                       cm=1.0, Ra=500.0, 
                       pas={"conductance_density": uniform("all", 0.0003), "e_rev":-54.3}, 
                       na={"conductance_density": uniform("soma", 0.120), "e_rev": 50.0}, 
                       kdr={"conductance_density": uniform("soma", 0.036), "e_rev": -77.0}) 

cells = sim.Population(2, cell_type, initial_values={'v': [-60.0, -70.0]})



Example: morphology from SWC

from pyNN.morphology import load_morphology, uniform, random_section, dendrites, 
apical_dendrites, by_distance 
from pyNN.parameters import IonicSpecies 
import pyNN.neuron as sim 

sim.setup(timestep=0.025) 

pyr_morph = load_morphology("oi15rpy4-1.CNG.swc")

standard library 
of ion channels 
and synaptic 
receptors

cell_class = sim.MultiCompartmentNeuron 
cell_class.label = "ExampleMultiCompartmentNeuron" 
cell_class.ion_channels = {"pas": sim.PassiveLeak, "na": sim.NaChannel,  
                           "kdr": sim.KdrChannel} 
cell_class.post_synaptic_entities = {"AMPA": sim.CondExpPostSynapticResponse, 
                                     “GABA_A": sim.CondExpPostSynapticResponse} 

cell_type = cell_class(morphology=pyr_morph), 
                       cm=1.0, Ra=500.0, 
                       pas={"conductance_density": uniform("all", 0.0003), "e_rev":-54.3}, 
                       na={"conductance_density": uniform("soma", 0.120), "e_rev": 50.0}, 
                       kdr={"conductance_density": uniform("soma", 0.036), "e_rev": -77.0} 

        AMPA={"density": uniform('all', 0.05),  # number per µm 
                             "e_rev": 0.0, "tau_syn": 2.0}, 
                       GABA_A={"density": by_distance(dendrites(), lambda d: 0.05 * (d < 50.0)), 
                               "e_rev": -70.0, "tau_syn": 5.0})

morphology read from 
SWC



Recording and injecting current

named segments

selecting neurite 
locations

step_current = sim.DCSource(amplitude=0.1, start=50.0, stop=150.0) 
step_current.inject_into(cells[0:1], location=“soma") 

cells.record('spikes') 
cells.record(['na.m', 'na.h', 'kdr.n'], locations=['soma']) 
cells.record('v', locations=['soma', 'dendrite'])

step_current = sim.DCSource(amplitude=5.0, start=50.0, stop=150.0) 
step_current.inject_into(cells[1:2], location=random_section(apical_dendrites())) 

cells.record('spikes') 
cells.record(['na.m', 'na.h', 'kdr.n'], locations={'soma': 'soma'}) 
cells.record('v', locations={'soma': 'soma', 'dendrite': random_section(apical_dendrites())})



Networks

i2p = sim.Projection( 
    inputs, 
    pyramidal_cells, 
    connector=sim.AllToAllConnector( 
        location_selector=random_section(apical_dendrites())), 
        synapse_type=sim.StaticSynapse(weight=0.5, delay=0.5), 
        receptor_type="AMPA" 
    ) 
)



Contributions welcome

• PyNN is a community-developed project, we welcome 
contributions from anyone who is interested in the 
project. 

http://neuralensemble.org/docs/PyNN/developers_guide.html

http://neuralensemble.org/docs/PyNN/developers_guide.html


http://neuralensemble.org/PyNN
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