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Abstract

:

One of the challenges in modern neuroscience is creating a brain-on-a-chip. Such a semiartificial device based on neural networks grown in vitro should interact with the environment when embodied in a robot. A crucial point in this endeavor is developing a neural network architecture capable of associative learning. This work proposes a mathematical model of a midscale modular spiking neural network (SNN) to study learning mechanisms within the brain-on-a-chip context. We show that besides spike-timing-dependent plasticity (STDP), synaptic and neuronal competitions are critical factors for successful learning. Moreover, the shortest pathway rule can implement the synaptic competition responsible for processing conditional stimuli coming from the environment. This solution is ready for testing in neuronal cultures. The neuronal competition can be implemented by lateral inhibition actuating over the SNN modulus responsible for unconditional responses. Empirical testing of this approach is challenging and requires the development of a technique for growing cultures with a given ratio of excitatory and inhibitory neurons. We test the modular SNN embedded in a mobile robot and show that it can establish the association between touch (unconditional) and ultrasonic (conditional) sensors. Then, the robot can avoid obstacles without hitting them, relying on ultrasonic sensors only.
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1. Introduction


The concept of a living computer or a brain-on-a-chip has been developed since the end of the 20th century. It implies growing dissociated neuronal cultures on multi-electrode arrays and their embodiment in the form of neurorobots or neuroanimats [1,2,3,4,5,6,7,8,9]. In this context, robotic platforms provide neural networks with the ability to learn by interacting with the environment, as happens in brain neural networks. However, despite significant advances [10,11,12], associative learning in neural networks grown in vitro is still limited due to a lack of a universal approach similar to the learning algorithms in artificial neural networks.



One possible reason for the failure of early attempts to achieve associative learning is the homogeneous structure of neural networks grown in vitro [6,13,14,15]. Emerging experimental approaches could mitigate this problem by building modular networks from separate subnets (neuronal ensembles or layers) connected by unidirectional links. This technology comprises polydimethylsiloxane (PDMS) chips with microfluidic channels for axons connecting subnets [16,17]. The unidirectional growth of axons in such systems is ensured by a delay in the cells seeding in different chambers [18,19,20] or by a special shape of microfluidic channels [21,22,23,24,25]. Typically, modular networks include only two subnets, but the possibility of forming several interacting modules has already been reported [26,27,28]. In addition, it is worth mentioning that recently, to ensure heterogeneity, it has been proposed to use modules of neurons of different types within the same network, for example cortical and hippocampal [29] modules, which differ in neurodynamic properties [30].



Thus, the learning algorithms are the only missing element for such a living computer based on modular neural networks grown in vitro. Earlier, we proposed an approach to explain learning problems in unstructured neural networks via the competition between different pathways conducting excitation to a neuron or a group of neurons [31,32]. Moreover, our model study proposed an associative learning approach based on “spatial computations”. The method uses the “shortest path rule” [33]:




Local learning mechanisms (e.g., STDP) potentiates the shortest neural pathways and depresses alternative longer pathways at the global network scale.





STDP is an experimentally discovered form of Hebbian learning [34,35,36,37]. It potentiates a synaptic connection when a presynaptic spike precedes the postsynaptic one. In the opposite case, the connection is depressed. The shortest path rule can be explained as follows: a spike arriving via the shortest path excites the postsynaptic neuron and elicits the potentiating sequence; then, a spike via the longer route comes late and leads to the depression of the corresponding synapse [33].



Although approaches to recording activity and manipulating individual neurons are being developed (see, for example, [38,39]), they do not yet allow for experimental in vitro verification of the “shortest path rule”. Therefore, we aim to adapt our approach to modular architectures consisting of unidirectional connected subnets. To simulate neuronal cultures, we use spiking neural networks (SNNs) since they can exhibit the entire neurocomputational spectrum of behaviors [40,41,42]. So far, we have tested this approach at the scale of individual neuronal circuits. Thus, the issue remained open: Can a medium-scale network containing hundreds or thousands of neurons be trained using spatial computations? If we give an affirmative answer to this question, it will validate the searching for possible algorithms and experimental methods for building a living computer.



Earlier, we formulated the basic principles of associative learning in SNNs [33,43,44]. They are (i) Hebbian learning (using STDP), (ii) synaptic competition or competition of SNN inputs, and (iii) neural competition or competition of SNN outputs. This work aims to consistently implement these principles in a medium-scale modular SNN consisting of several subnets connected by unidirectional links. Specifically, we first test the shortest path rule in the modular SNN. Then, associative learning based on this rule is studied in modular architectures of growing complexity. Finally, we propose a modular SNN capable of the associative learning of stimuli and corroborating its capabilities when embodied in a robot.




2. Models and Methods


To simulate the dynamics of a SNN, we adopt the approach described elsewhere [31]. Briefly, the dynamics of a single neuron is given using [40]:


    d v   d t   = 0.04  v 2  + 5 v + 140 − u + I  ( t )   



(1)






    d u   d t   = a  (  b v − u  )   



(2)




where  v  is the membrane potential,  u  is the recovery variable, and   I  ( t )    is the external driving current. If   v ≥ 30  , then   v ← c  ,   u ← u + d  , which corresponds to generation of a spike. We set the parameters  a  = 0.02,  b  = 0.2,  c  = −65, and d = 8. Then, the neuron is silent in the absence of the external drive and can generate spikes under a constant stimulus, which is a typical behavior of cortical neurons [40,41]. The driving current is given using:


  I  ( t )  = ξ  ( t )  +  I  s y n    ( t )  +  I  s t m l    ( t )   



(3)




where   ξ  ( t )    is an uncorrelated zero-mean white Gaussian noise with variance  D ,    I  s y n    ( t )    is the synaptic current, and    I  s t m l    ( t )    is the external stimulus. As a stimulus, we use a sequence of square-shaped electric pulses of the duration of 3 ms delivered at a 10 Hz rate, with an amplitude sufficient to excite the neuron.



The synaptic current is the weighted sum of all synaptic inputs to the neuron:


   I  s y n    ( t )  =   ∑  j   g j   w j   ( t )   y j   ( t )   



(4)




where the sum is taken over all presynaptic neurons,    w j    is the strength of the synaptic coupling directed from neuron j,    g j    is the scaling factor equal to 20 or −20 for excitatory and inhibitory neurons, respectively [31], and    y j   ( t )    describes the amount of neurotransmitters released by presynaptic neuron  j  when a spike arrives at the presynaptic terminal.



To simulate the neurotransmitters, we use Tsodyks–Markram model, which accounts for short-term depression and facilitation [45]. The model has the following parameters: the decay constant of postsynaptic currents    τ I  = 10   ms, the recovery time from synaptic depression    τ  r e c   = 50   ms, and the time constant for facilitation    τ  f a c i l   = 1   s.



The dynamics of the synaptic weight    w  i j     of the coupling from excitatory presynaptic neuron  j  to a postsynaptic neuron  i  is governed by the STDP with two local variables [46,47]. Assuming that    τ  i j     is the time delay (the so-called axonal delay) of spike transmission between neurons  j  and  i , a presynaptic spike fired at time    t j    and arriving to neuron  i  at    t j  +  τ  i j     induces a weight decrease proportional to the value of the postsynaptic trace    s i   . Similarly, a postsynaptic spike at    t i    induces a weight potentiation proportional to the value of the presynaptic trace    s j   . The weighting functions obey the multiplicative updating rule [46,47]. Thus, the weight dynamics is given using:


    d  s i    d t   = −    s i     τ S    +   ∑    t i    δ  (  t −  t i   )  ,  



(5)






    d  s j    d t   = −    s j     τ S    +   ∑    t j    δ  (  t −  t j  −  τ  i j    )  ,  



(6)






    d  w  i j     d t   = λ  [   (  1 −  w  i j    )   s j  δ  (  t −  t i   )  − α  w  i j    s i  δ  (  t −  t j  −  τ  i j    )   ]  ,  



(7)




where    τ S  = 10   ms is the time constant of spiking traces,  λ  = 0.001 is the learning rate, and   α = 5   is the asymmetry parameter.



The modular SNN contains several subnets (Figure 1), each including 500 neurons. This number is a compromise between the standard size of in vitro neuronal cultures and the velocity of numerical simulations of the SNN that should be high enough for experiments with a robot since, otherwise, the robot’s reaction to obstacles degrades significantly. The ratio between excitatory and inhibitory neurons was 4:1. Neurons were randomly distributed on a 1.2 × 0.5 mm rectangular substrate in each subnet (Figure 1A). The number of synapses per each neuron was Nin = 30 ± 3. Within a subnet, neurons were randomly coupled with the probability of interneuron connections decreasing with the distance according to the Gaussian distribution (Figure 1A, intranetwork connections):


  f =  1    2 π   σ    e  −    d 2    2  σ 2       



(8)




where  σ  is the standard deviation chosen to obtain an average length of intranetwork connections at 50 μm. This architecture captures the essential features of in vitro neuronal cultures and allows the reproduction of their dynamic modes, e.g., network bursting.



Subnets were connected using unidirectional couplings simulating axons of projecting neurons grown through microfluidic channels in PDMS chips (Figure 1A, internetwork connections). The axon length was up to 400 μm. Figure 1B illustrates the global network architectures studied in this work (for further details, see Section 3).



It should be emphasized that the geometric characteristics of the networks largely determine their dynamics. Coordinates of the neurons define the axonal delay    τ  i j     [see Equations (6) and (7)], which is proportional to the distance between neurons. To evaluate the delays, we assumed a spike propagation velocity of 0.05 m/s [48].



We implemented the SNN model as custom software NeuroNet (available at [49]) developed in the QT C++ environment. On an Intel® CoreTM i3 processor, the simulation can be performed in real-time for an SNN with tens of neurons.



To monitor the SNN activity, we use the following procedure to detect network bursts of spikes in each subnet. In a 50 ms time window, the total number of spikes generated by the subnet is counted, and the time instant when the number of spikes exceeds 50 is set as the burst beginning. Establishing such a threshold value is similar to the procedures described for neural networks in vitro [50,51,52]. If a source (presynaptic) subnet generates a burst followed within a time window of   Δ = 100   ms by a burst in the target (postsynaptic) subnet, we call such a burst synchronous. We then define the connection efficiency between the source and target subnets as:


  P =    F  s y n   − α  F  s r c      (  1 − α  )   F  s r c     ,  



(9)




where    F  s r c     is the mean frequency of bursts generated by the source subnet,    F  s y n     is the mean frequency of synchronous bursts, and  α  is the by-chance factor. This factor is the probability of the temporal overlap of bursts in the absence of connections between the source and target subnets. Under the hypothesis of a Poisson process, in the first approximation   α ≈ Δ  F  t r g    , where    F  t r g     is the mean frequency of bursts in the target subnet. Our direct estimate of  α  from numerical simulations provided results in complete agreement with the theoretical formula. The connection efficiency is   P = 0   and   P = 1   if all bursts generated by the target subnet are by-chance (i.e., no causal connection) and by excitation from the source subnet (i.e., all bursts are causal), respectively.




3. Results


3.1. Self-Reinforcing of Internetwork Couplings in Neural Circuits


In model studies, the coupling efficiency between neurons is usually understood as the synaptic weight, w, which determines the current arising in the postsynaptic neuron [Equation (4)]. However, the direct measurement of w is unfeasible in experimental conditions. Therefore, the coupling efficiency is usually estimated indirectly using the postsynaptic potential amplitude or by using the number of spikes “transmitted” from one neuron to another. The latter measure assesses the effectiveness of connections between subnets in vitro [19,53,54].



To address this issue, we study couplings between the individual neurons and subnets (Figure 2A, this and other figures showing network structures are schematic and do not display all the simulated neurons). By default, the source subnet makes ten synaptic connections to the target subnet. These couplings simulate axons grown along microfluidic channels in PDMS chips [16,17,18,19,20,21,22,23,24,25]. Note that the geometric architecture of the network plays an essential role, and internetwork connections link the closest neurons from the connected subnets as happens in in vitro experiments.



The connection efficiency P [Equation (9)] is the ratio of individual spikes or bursts fired either by the postsynaptic neuron or target subnet within a short time after the activation of the presynaptic neuron or target subnet. Figure 2B shows the results of the simulations. The connection efficiency P has a pronounced sigmoid-like dependence on the coupling strength w for the individual neurons and subnets (in the latter case, we used the mean value of w). A similar result has been observed in in vitro experiments with the cultures of cortical neurons. More specifically, the percentage of bursts propagating from the source subnet to target one increased with the number of axon-contained tunnels in a PDMS chip [19].



STDP in unidirectional connections can lead to a self-reinforcement phenomenon, i.e., the potentiation of the spike transfer through an “effective” coupling (evoked response). Such an effect is most apparent for the paired stimulation protocol, i.e., when a postsynaptic neuron is stimulated with a 10 ms delay after the presynaptic cell [36,37]. Figure 2C illustrates the dynamics of the synaptic weight between two neurons in spontaneous conditions, under stimulation of the presynaptic neuron only, and the paired stimulation protocol (S1 + S2). We observe that potentiation is significantly slower for stimulating the presynaptic neuron only (Figure 2C, S1). Notably, an extremely slow potentiation also occurs under spontaneous activity. The presynaptic neuron sometimes excites the postsynaptic one, and the STDP rule increases the coupling (Figure 2C, Spont).



We adapted the stimulation protocols used for single neurons to the modular network. A small region of each subnet, including five excitatory neurons, was stimulated by a sequence of square pulses delivered at 10 Hz (Figure 2A, bottom panel). In the case of the paired stimulation protocol, the time delay (i.e., the time shift between S1 and S2) was increased to 30 ms. The obtained results are similar to what has been observed for individual neurons (Figure 2D). However, the synaptic weights change much slower, and the difference between evoked and spontaneous activity is lower. We also note a pronounced time lag in the rising synaptic weights in the case of evoked activity. It is explained by a relatively slow intra-network rearrangement of synaptic weights required to initiate changes in the inter-network weights.



The self-reinforcement phenomenon can underlie the formation of neural structures with cyclic activity and, possibly, central pattern generators. Let us consider a system consisting of four subnets closed into a ring by unidirectional connections (Figure 3A). With low weights of internet connections and/or an insufficient number of them, the activity of the subnets is almost uncorrelated (Figure 3B). In the presence of sufficient connections between subnets, the self-reinforcement effect leads to their potentiation and the emergence of a circulating activity. In this case, neural activity is transmitted from one subnet to another, and a periodic cycle emerges (Figure 3C). Then, the connection efficiency P can reach 0.8 after learning. Note that this effect occurs if the number of connections between subnets Nw is high enough (Figure 3B). For Nw < 4, no circulating activity is observed, whereas for Nw > 8, the connection efficiency saturates due to STDP.



Although the network structure was predetermined in the previous experiments, circulating waves can be observed in a network with initially bidirectional couplings between subnets (Figure 3D). Self-reinforcement breaks the initial symmetry, and connections that facilitate a wave running either in a clockwise or counterclockwise direction are potentiated (Figure 3E,F).




3.2. The Shortest Pathway Rule


A straightforward stimulus-response association can be achieved in a two-module architecture (Figure 2). The activity of a postsynaptic neuron (or a target subnet) can be considered the system’s output. Then, in Pavlovian conditioning, the stimulation of the pre and postsynaptic neurons (source and target subnets) can be treated as conditional and unconditional stimuli, respectively. However, here we face the following problems:




	
Spontaneous (without stimuli) potentiation of connections (Figure 2C,D);



	
Potentiation of connections when only the conditional stimulus is applied (no association, Figure 2C,D);



	
The lack of a mechanism for depressing an association when it becomes irrelevant (e.g., when the conditional stimulus is not supported by an unconditional one).








Thus, the main problem of associative learning is not the potentiation of synapsis representing associations, but the lack of a mechanism depressing (or controlling) synapses not involved in the stimulus association. Earlier, to solve this problem, we introduced the shortest pathway rule driving the synaptic dynamics and proposed a simple neural circuit with associative learning [33]. Let us now extend this rule to modular SNNs.



Figure 4A shows an architecture with three coupled subnets. Subnet one sends excitation to subnet three through two pathways: directly and via subnet two. In this context, the term “shortest pathway” means both the minimum geometric length from subnet one to subnet three (and hence the minimal axonal delay in spike transmission) and the minimal number of synapses mediating the spike transmission (the minimal synaptic delay). In the presence of two alternative routes, the shortest path (W1 in Figure 4) is potentiated. At the same time, the synapses involved in the longer pathway (via subnet two) are depressed (W2 in Figure 4A). Figure 4B illustrates the dynamics of the internet weights.



The described effect comprises the shortest pathway rule in midscale modular SNNs and provides synaptic competition. In turn, synaptic competition can solve the problem of the uncontrolled growth of synapses and implements depressing synapsis not involved in relevant associations of stimuli.



In our model, experimentally justified STDP is the only learning rule. It implements a local mechanism of synaptic plasticity, which depends only on the activity of the pre- and postsynaptic neurons. Despite this, on a network scale, STDP can imitate global “meta” learning rules through the interaction of the competing neuronal circuits. The shortest path rule can be attributed to such a metarule. Then, the desired learning algorithm can use a network architecture that provides “spatial neurocomputing” based on STDP.




3.3. Synaptic Competition in SNNs


Let us now use the shortest pathway rule to implement associative learning. Figure 5A shows a three-module SNN receiving three different stimuli. We note that bidirectional links couple subnets one and two. In Pavlovian conditioning, this architecture allows us to model a situation with two conditional (CS1, CS2) and one unconditional (US) stimuli. As in Section 3.2, to induce STDP, we use the paired stimulation protocol: US pulses are applied 30 ms after the CS pulses. However, we start with “incorrect” pre-training by associating the US with CS1 during preliminary training. In this stage, CS2 is not applied. Then, we carry out the main learning phase, in which the US combines with CS2 (Figure 5B). This procedure allows us to analyze the system’s ability to form associations and retrain once external conditions have changed (i.e., when CS2 replaces CS1).



During learning, the output subnet three changes connections coming from subnets one and two depending on the correlation with their activity. Since both potentiation and depression of the incoming connections determine the training quality, we introduce the joint coefficient:


  Q =   2  W  p o t      W  p o t   +  W  d e p     − 1 ,  



(10)




where    W  p o t     and    W  d e p     are the average values of the connections between subnets that should be potentiated and depressed, respectively. The value Q = 1 corresponds to perfect learning. If learning is poor, Q has a value close to zero, and Q is negative for “wrong” learning. Below, we conventionally assume that a SNN with Q > 0.5 is properly trained.



Bidirectional connections between two input subnets (WC in Figure 5A) play a critical role in synaptic competition. They close the long alternative pathway when one of the inputs is activated (see also Figure 4). As a result, along with the strengthening of the currently relevant associative connections, a weakening of the irrelevant associations occurs, and, accordingly, the learning coefficient Q increases (Figure 5B). The simulations with different weights of the competing connections show a specific range for which optimal learning is observed (Figure 5C, pink area).



In a uniform network, some axons connect neurons in different directions and can implement synaptic competition accordingly. Thus, there is no reason to have subnets one and two separate (Figure 5A). Instead, one can build a single but elongated subnetwork and stimulate its extreme points (see also Section 3.4). We tested this hypothesis by combining input subnets one and two into a single network. As expected, the network learned quite well, and the learning coefficient reached the value Q = 0.63 ± 0.11 (n = 6). In the following sections, we use such elongated networks to form input and output modules.




3.4. Neuronal Competition of SNN Outputs


A neural network can have several input modules that receive conditioned signals and several output modules that respond to unconditioned stimuli. Therefore, for effective learning, it is necessary to implement competition between inputs (i.e., synaptic competition, Section 3.3) and between outputs (neuronal competition).



Let us consider an SNN with one input and two outputs (Figure 6A). Here, we have combined two output modules into one elongated. In Pavlovian conditioning, this architecture models a situation with one conditional signal CS and two unconditional stimuli, US1 and US2. To implement neural competition, we use lateral inhibition, which suppresses the activity of neighboring neurons upon a strong excitation of one neuron, the winner [33,43]. As a result of this process, only the winning element undergoes learning and forms an association. Since we do not use the mechanism of removing irrelevant associations, the training protocol cannot contain a phase of “wrong” pre-training. In this case, we combined two output networks into one, bearing in mind the impossibility of forming exclusively inhibitory connections between subnets of biological neurons.



We study how the parameters of the inhibitory neurons determine the learning quality. To this end, we chose the weight of inhibitory connections    W I    and the decay time of inhibitory postsynaptic current    τ I    as governing parameters. Figure 6B shows that learning fails for    W I  < 0.1   or    τ I  < 40   ms. Thus, lateral inhibition is necessary for learning.




3.5. Robotic Embodiment of Associative Learning


Let us now provide a practical application of the phenomena studied above. We consider the problem of obstacle avoidance using a mobile robot driven by an SNN [33]. The robot has two touch sensors and two ultrasonic sonars (Figure 7A). The activity of a pacemaker neuron drives the right and left motors, which leads to the forward movement of the robot. Figure 7B shows the modular SNN consisting of two elongated subnets. The internal couplings in subnet 1 provide synaptic competition for internetwork connections WP and WD (Figure 7B). In turn, the inhibitory neurons of subnet two provide neuronal competition. If one of the zones of subnet two is excited, the other zone is inhibited.



Signals from the touch sensors serve as unconditional stimuli. They are activated if the robot hits an obstacle. Stimulation of the corresponding US-zone in subnet two (Figure 7B) is transmitted to motoneurons that brake the corresponding wheel. As a result of such an unconditioned reaction, the robot can avoid obstacles upon touching them. Signals from the sonars serve as conditional stimuli. They can detect obstacles at a distance. When one of the CS zones in subnet one (CS one or CS two, Figure 7B) is activated simultaneously with the activation of one of the US zones (US one or US two, Figure 7B), the corresponding connections are potentiated, and the robot learns to go around obstacles in advance without hitting them. Training the robot to mimic Pavlovian conditioning consists of presenting stimuli regularly from both the left and right sides (Figure 7C).



The embodiment of the SNN enables learning of two associative CS-US pairs reacting to obstacles on the left and right sides of the robot. Generally, the CS zones in subnet one (CS one or CS two, Figure 7B) can be mapped to the pair of sonars in an arbitrary order (left–right or right–left). Depending on the mapping, there can be two types of associations between the stimuli and motors: either with strong “parallel” or strong “diagonal” internetwork connections (WP or WD in Figure 7, respectively). Proper learning leads to the potentiation of WP and depression of WD in the case of “the parallel association” and vice versa in the opposite case. Such freedom ensures no a priori chosen structure in the entire SNN. Instead, the SNN adapts to the stimuli coming from the environment.



Figure 7D illustrates an example of learning during the training process. After several learning cycles, the learning quality reaches values close to 0.8, and the robot successfully avoids obstacles. We then tested the robot’s performance for different learning qualities (Q) while moving in an arena with several obstacles (Figure 8A). Figure 8B shows the relationship between Q and the robot’s behavior. The dependence of the number of collisions on Q fits rather well via an exponential function. As expected, the higher the learning quality, the fewer collisions registered during the test (10 min).





4. Discussion


We have studied Pavlovian learning in modular SNNs consisting of several synaptically coupled subnets. The numerical study suggests approaches for implementing associative learning in prospective experimental works on neural networks grown in vitro.



STDP in unidirectional connections between two modules can lead to the self-reinforcement of synapses with efficient spike transfer. We have observed this effect under stimulation of the presynaptic subnet, paired stimulation, and spontaneous activity. Consequently, the efficiency of communication by bursts increases, which can be measured experimentally. An attempt to use a two-module SNN for associative learning has identified several negative factors. The main problem was not the potentiation of the connections responsible for the association of conditional and unconditional stimuli, but the insufficient weakening of the couplings not involved in the association.



Modular SNNs with two presynaptic subnets and one postsynaptic subnet (2IN-1OUT architecture) can implement associative learning with two conditional stimuli and one unconditional stimulus. Then, the competition between converging internetwork connections is essential; we call this phenomenon synaptic competition. We used the shortest pathway rule to implement it: STDP potentiates the shortest neural pathways and depresses alternative longer routes. To simplify the network architecture, we proposed an elongated network module merging the input subnets. Simulations confirmed the validity of this approach. It is worth noting that this rule and the SNN architectures are ready for experimental testing in vitro.



Modular SNNs with one input and two outputs (1IN-2OUT architecture) can implement associative learning with one conditional stimulus and two unconditional stimuli. It requires competition between diverging connections, which we call neuronal competition, meaning that neurons in subnets compete, suppressing their counterparts in the neighboring subnet. We implemented neuronal competition using lateral inhibition and employed a single elongated module for two outputs. Currently, in vitro testing of this result is challenging due to a lack of technology enabling the selection of parameters of excitatory and inhibitory elements in cultures of dissociated neurons.



Then, we proposed a modular SNN with a 2IN-2OUT architecture capable of handling two conditional and two unconditional stimuli and providing two associative links. The two-module SNN has been embedded in a mobile robot, and signals from the robot’s sensors innervated certain local areas of the SNN. Initially, the robot could only avoid obstacles when hitting them due to the activation of unconditional stimuli (touch sensors). Learning consisted of presenting to the robot obstacles, which associated conditional stimuli (mediated by ultrasonic sensors) with unconditional ones. After training, the robot could avoid obstacles without bumping against them by relying on sonars. Experiments with the robot driven by the SNN revealed an exponential decay in the number of collisions with obstacles with an increase in the learning quality.



Note that one can implement the 2IN-2OUT architecture using two 2IN-1OUT modular networks. However, such an attempt is likely to fail in in vitro experiments. The self-reinforcing effect may form false associations upon presenting a conditioned stimulus without an unconditioned one. Moreover, the proposed network architecture (Figure 7C) requires crossing axon-conducting tunnels without forming synapses at the intersection, which can be an issue for in vitro experiments. As a possible solution, there may be a transition from 2D to 3D network architectures [7,17,55]. Besides, the length of axonal internetwork connections can be crucial for bursting network dynamics. Keren and Marom [56] have shown that a circulating activity in a network of cortical neurons can emerge if either the geometric dimension of the network is sufficiently large (tens of centimeters) or the conducting velocity is low (due to, for e.g., inhibitors).



However, all these difficulties are technical and can be solved using a neurohybrid approach with memristive devices instead of internetwork axons. Memristors and memristive systems [57], which are implemented in the form of a CMOS-compatible nanostructure with a memory effect, are ideally suited for the role of such connections [44,58]. Recently, the first step in this direction has been taken: commercial memristive devices with the effect of short-term plasticity are used to arrange communication between individual subnets in vitro and provide synchronous activity of target subnets under the control of the source subnet [59]. Following the general concept of memristive neurohybrid systems [60] and the first experimental results [59,61], we expect that memristive devices could provide a balance in terms of miniaturization, energy efficiency, and computational capabilities required for interfaces between living neurons and their networks.
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Figure 1. Model SNN architectures mimicking in vitro neuronal cultures coupled through microfluidic channels in global circuits. (A) Local networks, each consisting of 500 neurons distributed over a rectangular substrate, are coupled using long-scale axons of projecting neurons in a global network structure. Within each network, neurons are linked by predominantly local couplings (red and blue circles correspond to excitatory and inhibitory neurons, respectively). (B) Global network architectures with a different number of inputs and outputs subject to Pavlovian learning studied in this work. Each circle corresponds to a local subnetwork (see (A)). Arrowed links indicate the direction of internetwork couplings. Blue couplings are inhibitory. 
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Figure 2. Quantification of interneuron couplings in single neurons and network structures. (A) Two model architectures with unidirectionally coupled individual neurons (top) and subnets by ten projecting axons (bottom). (B) The connection efficiency (bursts “passing” from one structure to the other) vs. coupling weight (for subnets the average weight is used). (C) Self-reinforcement of the coupling weight for individual neurons in spontaneous conditions (Spont), under stimulation of the presynaptic neuron (S1), and paired stimulation (S1 + S2). (D) The same as in (C) but for the subnets. 
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Figure 3. Emergence of cyclic structures and rhythmic activity. (A) Architecture with unidirectional clockwise connections facilitates a clockwise cyclic activity. (B) The connection efficiency (bursts passing from one subnet to another) vs. the number of connections between subnets (A) before and after learning. (C) Raster plots of spiking activity before and after learning. Learning leads to the emergence of a wave circulating in the network. Colors indicate spikes of neurons from the corresponding subnets shown in (A). (D) Initial architecture with bidirectional connections. A cyclic activity running either clockwise or counterclockwise can emerge. (E) An example of the weight’s dynamics: Wckw and Wcckw are the average weights of clockwise and counterclockwise connections, respectively. Clockwise connections are depressed, while counterclockwise couplings are potentiated. (F) Example of raster plots for the bidirectional SNN with a counterclockwise activity after learning. 
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Figure 4. The shortest pathway rule for modular SNNs solves the problem of depressing synapses not involved in relevant associations of stimuli. (A) The network architecture. Subnet 3 receives input from subnet 1 directly and through subnet 2. The rule states that the shortest path (through W1) is potentiated while the longer (through W2) is inhibited. (B) Dynamics of the internetwork connections. The red arrow indicates the moment when the stimulation is turned on. 
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Figure 5. Associative learning due to synaptic competition. (A) Network architecture with internetwork connections WC implementing competition between subnets 1 and 2. The SNN provides association of one of the conditional stimuli (CS 1 or CS 2) with unconditional stimulus US. (B) Dynamics of weights and the learning quality under conditional stimuli CS1 and CS2. Blue and orange areas correspond to associations CS1-US and CS2-US, respectively. (C) Average weights of internetwork connections W1 and W2 and the learning quality coefficient vs. average weights of internetwork connections WC. 
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Figure 6. Neural competition enables associative learning of conditional stimulus with two unconditional ones. (A) Modular SNN with a single conditional stimulus CS and two unconditional stimuli (US1, US2) applied to a single elongated module. Inhibitory interneurons, which suppress the spread of excitation in subnet 2, provide neuronal competition and association of CS either with US1 or US2. (B) Learning quality Q as a function of the parameters of inhibitory connections: coupling weight WI and decay time τI. 
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Figure 7. Embedding a modular SNN capable of Pavlovian conditioning in a mobile robot. The robot learns collision avoidance. (A) The LEGO robot and mapping of sensory stimuli. (B) Modular SNN consisting of two subnets connected by unidirectional couplings (WP and WD) and the configuration of stimuli. (C) Training the robot. The left touch sensor and left ultrasonic sonar are simultaneously triggered. (D) The dynamics of the connections WP and WD, and the learning quality Q during learning. 
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Figure 8. Testing the robot’s performance. (A) The experimental arena. The robot’s trace is shown in purple. Obstacles are in white. (B) The number of collisions with obstacles vs. the learning quality Q. 
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