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Objective. NeuChip aims at producing a new paradigm for machine-learning devices, exploiting the 

adaptive, complex and exploratory nature of biological human neural systems. This goal requires to 

design optogenetic stimulation protocols progressively building up specific connectivity patterns 

between neurons. Neural simulators are crucial for this purpose, as they can predict activity 

responses to the activation or inhibition of specific subsets of neurons. The objective of this 

deliverable is to develop a simulator, in which synaptic plasticity rules can be included, and resulting 

changes in interactions can be monitored over time. 

Popular tools for simulating neuronal activity at the cellular as well as the population scale have 

been developed during the last decade. NEURON (Carnevale and Hines, 2006), NEST (Gewaltig and 

Diesmann, 2007), and Brian 1-2 (Goodman and Brette, 2013; Stimberg et al 2019) are among the 

most used ones by the community. We decided to build our versatile emulator based on Brian 2, 

which relies on a flexible equation-based approach (and not on low-level language programming), 

and can simulate populations with thousands of neurons (Stimberg et al. 2019). We are grateful to 

M. Stimberg for several helpful discussions. 

Presentation. This deliverable was realized by CNRS, in collaboration with AU (WP4) and UB (WP3). 

It includes a Python3 package, and will be accompanied by Jupyter notebook tutorials, explaining 

how to (1) define new models of neural activity or of synaptic plasticity dynamics; (2) run stimulation 

protocols and visualize the resulting neural activity and synaptic patterns. In order to run the codes, 

the first step is to load the key packages, in particular brian2 and simulator_utilities. 

Generation of activity with prescribed synaptic weights. The user first defines the dynamics of the 

neurons. In figure 1, we choose a basic leaky integrate-and-fire (I&F) stochastic neuron with the 

following equation for the membrane potential: 𝜏
𝑑𝑉

𝑑𝑡
= 1 − 𝑉 + 𝜉(𝑡), where 𝜉 is a Gaussian noise 

with variance 2. Function NeuronGroup creates an object with essential features of neurons, such 

as the threshold (thr) on the potential for spike emission, the refractory time after a spike. 

StateMonitor and SpikeMonitor functions record the evolution of the variables and spikes during the 

simulation. In figure 1b, we show the evolution of the variable 𝑉 across time for neuron with 2 = 0, 

and thr = 0.7. When 𝑉 exceeds the threshold, a spike is emitted (orange line) and 𝑉 is reset to 0 (rest 

value). In figure 1c-d, noise is present, with 2 = 0.5, and the number of neurons is set to N = 100; 

panel a displays the corresponding code.  

 

 

Figure 1. a, Example 

code for a  neural 

population of 100 

stochastic neurons. 

b, One example 

neuron without 

noise that emits a 

spike when its 

activity exceeds 

thr=0.7. c, Firing 

rates of the 100 

stochastic neurons 

from panel a. d, 

Example trace of 

one stochastic 

neuron. 

 



In order to create synaptic connections between neurons, we use the function Synapses. In figure 2, 

this function is illustrated, on a small population of leaky I&F neurons with prescribed synaptic 

characteristics. Figure 2 provides the code (panel a), the activity of neurons across time (b, neuron 0 

drives the activity of neuron 1 and 2), the synaptic matrix (c). Any synaptic structure can be chosen, 

e.g. dependent on space (d). 

   

Figure 2: Network with prescribed synaptic features. a, Example code: W.connect and W.w define the characteristics of the 

couplings. b, Simulated activity of the neurons coded in a.  c, Visualization of non-zero connections. d, Visualization of the 

spatial dependency of the couplings in another example case, in which the connection between two neurons decreases with 

their distance. The sizes of the dots give the intensity of the couplings. 

Simulations with synaptic plasticity. The emulator can in addition incorporate various synaptic 

learning rules, such as spike timing dependent plasticity (STDP). In STDP the variation of the coupling 

between two neurons reads ∆𝑤 = ∑ ∑ 𝑔(𝑡𝑝𝑜𝑠𝑡 − 𝑡𝑝𝑟𝑒𝑡𝑝𝑜𝑠𝑡
)𝑡𝑝𝑟𝑒
 with 𝑔(∆𝑡) =  ±𝐴𝑝𝑟𝑒 𝑒−|∆𝑡| 𝜏𝑝𝑟𝑒⁄  

depending on the sign of ∆𝑡; the sum runs over all the emitted spikes. 

We show in figure 3 the evolution of the couplings between one neuron and 1000 Poisson input 

neurons with fixed firing rate. At the beginning the synaptic weights are random, and they shift 

toward a bimodal distribution.  

 

 

Figure 3: STDP learning 
of a central neuron 
connected to a 
population of 1000 input 
neurons, with Poisson 
activity and average 
rates equal to 15Hz. a, 
evolution of two 
representative couplings. 
b, the synaptic weights 
evolves toward a 
bimodal distribution. 

 



Next, we mimic a stimulation protocol relevant to NeuChip, in which sub-groups of neurons are 

repeatedly activated through an additional function, SpikeGeneratorGroup, see figure 4a. An 

external population of input neurons is created by this function to produce the inputs. The two nets 

are characterized by two synaptic objects, S and Sinput. In figure 4a-b, the input network controls 

the activation of the pattern [1,2,3] every 100ms during 10s. The connectivity between the neurons 

1, 2 and 3 increases, and saturates, creating an attractor state. After this learning phase we can 

generate spontaneous activity or store a second pattern. In figure 4c, we show the final connectivity 

matrix after the repeated activation of another pattern of neurons [7,8,9]. The same simulations can 

be done using other learning rules, e.g. Oja’s or Sejnowski’s rule of learning, and with synaptic 

homeostasis. 

 

 

Figure 5: STDP learning of patterns of neurons. mimicking a NeuChip protocol. a, Example code of STDP learning of a 

pattern of 3 neurons activated every 100ms during 10s by an input population of neurons. At the beginning synapses are 

Gaussianly distributed.  b, Top panel: Emitted spikes from the 3 controlled, input neurons. Bottom panel: Synaptic weights 

evolve during the stimulation protocol. c, Connectivity matrix before and after the protocol. d, Connectivity matrix after 

learning of a second pattern.  


