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1. Executive summary 
This deliverable describes the basic neural network model developed and used to encode sequences in a 

biological plausible, cortical microcircuit-like neural network, and the results of sequence encoding and 

underlying processes. To simulate and understand the neuronal and synaptic dynamics underlying sequence 

learning of a monkey, we use a spiking neural network model utilizing a set of unsupervised, biologically well-

known neuronal and synaptic adaptive mechanisms. Our analysis shows that the resulting self-organizing 

dynamics, upon repeated exposure to a sequence of input stimuli, embeds within the recurrent network a 

feedforward substructure. The model can then be cued (mimicking an external recall stimulus) by the first 

element of the sequence and the resulting dynamics within the feedforward structure triggers the replay or 

rather recall of the entire sequence at an accelerated rate. The sequence is the first step in understanding 

planning, as it establishes a desired and necessary ordering of events or actions. Understanding the 

processing thereof will be vital to understanding both the experimental data from monkey 

experiments (WP1) and the potential for proactive or predictive human-interface decoding. In addition, the 

model is used to support the development of the neural network algorithm, which should decode the 

planned monkey sequences (WP3) to control the Smart House (WP4). 
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2. Introduction 
The aim of the first deliverable of WP2 (D2.1) is to demonstrate the unsupervised encoding and recall of a 

sequence of stimuli or actions by a neural network model. To this end, we have developed a neural network 

model, which learns and encodes such a sequence of actions in the pattern of its spikes and, furthermore, 

stores the sequence within the strength and structure of the synapses between the neurons in the network. 

We describe the network and the encoding and recall process below. Furthermore, we show first results of 

decoding the stored sequence by analyzing the spiking data from the model. In addition, we provide first 

results that the model – similar to monkeys – is also able to learn unreliable relations between actions. 

3. Sequence Encoding by a Neural Network 

3.1. The Neural Network Model  

We adapted a neural network model from a model family frequently referred to as self-organizing recurrent 

neural networks (SORNs; Lazar et al. 2009, Hartmann et al. 2015, Miner and Triesch 2016). Key components 

of this model family include a recurrent excitatory-inhibitory sparse balanced network, a Hebbian synaptic 

learning rule, a form of synaptic normalization, and a form of intrinsic neuronal homeostasis. In the 

implementation used here, we specifically use a sparse network of conductance-based leaky integrate-and-

fire neurons as the basis for the network. Unsupervised learning is accomplished with asymmetrical spike-

timing-dependent plasticity (STDP), and stability is accomplished with multiplicative synaptic normalization 

and intrinsic firing-rate-dependent threshold plasticity. This model is in line with the model proposed in 

Miner and Triesch 2016, with the modifications that the model does not include structural plasticity and that 

the synapses are conductance-based rather than directly coupled delta synapses. Please note that the model 

is able to reproduce and describe several experimental findings from the neocortex (Miner and Triesch, 

2016), which makes it a plausible first step to describe the dynamics within the monkey motor cortex. 

The main equations of the model are given in the following: 

The neuron model utilized is a conductance-based leaky integrate-and-fire neuron. Its voltage dynamics 𝑣 

follows a set of equations: 

𝑑𝑣

𝑑𝑡
= (𝑔𝑙𝑒𝑎𝑘(𝑣𝑟𝑒𝑠𝑡 − 𝑣) + 𝑖𝑠𝑦𝑛) 𝑐𝑚𝑒𝑚𝑏𝑟𝑎𝑛𝑒⁄ + 𝜎𝑛𝑜𝑖𝑠𝑒 𝜉 √𝜏𝑚𝑒𝑚𝑏𝑟𝑎𝑛𝑒⁄ , 𝑖𝑠𝑦𝑛  

= 𝑔𝑎𝑚𝑝𝑎(𝑒𝑎𝑚𝑝𝑎 − 𝑣) + 𝑔𝑔𝑎𝑏𝑎(𝑒𝑔𝑎𝑏𝑎 − 𝑣), 

𝑑𝑔𝑎𝑚𝑝𝑎

𝑑𝑡
= −𝑔𝑎𝑚𝑝𝑎 𝜏𝑎𝑚𝑝𝑎⁄ , 

 
𝑑𝑔𝑔𝑎𝑏𝑎

𝑑𝑡
= −𝑔𝑔𝑎𝑏𝑎 𝜏𝑔𝑎𝑏𝑎⁄ , 

where the various 𝑔𝑥 are the relevant conductances, 𝑣𝑟𝑒𝑠𝑡  is the membrane resting potential, the various 𝜏𝑥 

are the relevant time constants, the 𝑒𝑥 are the conductance reversal potentials, and 𝜉 is a Gaussian noise 

generator whose magnitude is given by 𝜎𝑛𝑜𝑖𝑠𝑒. All parameter values are chosen according to those of Layer 5 

cortical pyramidal cells. When the neuron’s membrane potential exceeds a threshold value 𝑣𝑇, an amount 

𝑤𝑎𝑚𝑝𝑎 or 𝑤𝑔𝑎𝑏𝑎 is added to the relevant conductance for excitatory or inhibitory signaling, respectively. For 



Page 4 of 10 
 

inhibitory neurons, 𝑣𝑇 is fixed, while for excitatory neurons it adapts by the process of intrinsic plasticity to 

approach a mean target firing rate of 3 Hz. For this, a small amount is added to it upon each firing, and 

otherwise linearly decaying at a slow rate. This provides a homeostatic neuronal dynamic maintaining the 

overall network activity level within a reasonable range. 

A basic model network is set up with 200 excitatory (E) and 40 inhibitory (I) neurons, which are connected to 

each other with probabilities of 0.2 for E to E, 0.3 for E to I, 0.3 for I to E, and 0 for I to I. For most conductance 

weights, the values are fixed to approximate biological values (see Miner and Triesch, 2016 for more details). 

However, for recurrent excitatory connections, these values are allowed to change, facilitating learning. 

These weight changes occur by spike-timing-dependent plasticity, or STDP. By this, the short-timescale 

temporal relationship between pre- and post-synaptic firing times (here 𝑡𝑗 and 𝑡𝑖) produces long-timescale 

weight changes in the relevant connections by this process. Thereby, the weight change 𝛥𝑤 has an 

exponential dependency on the time differences 𝛥𝑡 on a scale of tens of milliseconds. Explicitly for a synapse 

from neuron 𝑗 to 𝑖: 

𝛥𝑤𝑖𝑗 = ∑ 𝑊(𝑡𝑗 − 𝑡𝑖)

𝑠𝑝𝑖𝑘𝑒𝑝𝑎𝑖𝑟𝑠

, 

𝑊 = 𝐴𝑝𝑜𝑡𝑒−𝛥𝑡  ⁄ 𝑡𝑎𝑢𝑝𝑜𝑡: 𝛥𝑡 > 0, 

𝑊 = 𝐴𝑑𝑒𝑝𝑒−𝛥𝑡  ⁄ 𝑡𝑎𝑢𝑑𝑒𝑝 : 𝛥𝑡 < 0. 

Here, the 𝐴𝑥 are the potentiating (pot) and depressing (dep) magnitudes, and the 𝜏𝑥 are the respective 

timescales, both taken to approximate experimentally measured values. To maintain stability of the weight 

dynamics, we consider another process regulating the weight dynamics. Upon each weight change, all the 

incoming weights to the postsynaptic neuron are normalized in a multiplicatively way. 

3.2. Self-organized Encoding of Sequences in the Neural Network Structure 

We mimic the process of learning by providing to the network a repeated stimulation of clusters of neurons 

in a rapid sequential order (here ABCDE). In more detail, each letter or action in the sequence provides an 

input stimulus as a high-rate bursting Poisson spike source connected to a specific subgroup of excitatory 

neurons in the network. For simplicity, the different subgroups are non-overlapping. Other neurons in the 

network do not receive an external stimulus. Note that their ongoing spiking activity (see Figure 1; 

background activity level) is given by the homeostatic dynamics of intrinsic plasticity (see above). 
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Figure 1: Spike raster plot demonstrating the neural activity during the training protocol. Clusters A, B, C, D, and E are 

repeatedly stimulated with sequential Poisson bursts while the rest is not. 

This training protocol triggers STDP, encoding a strong substructure of feedforward clustering in the network 

connections. This substructure is maintained even when the stimuli are withdrawn such that the sequence is 

stored in the network. An example of the training progress of the connection matrix is displayed in Figure 2. 

Before training, the system shows random connections (blue dots); however, during training a substructure 

is formed (rectangles off the main diagonal) representing a feedforward structure from connecting the 

neurons activated by stimulus ‘A’ to the neuron activated by ‘B’ and so on. After training this structure is 

maintained – the system has learned the sequence. 

 

Figure 2: Evolution of the connection matrix with ongoing training. Darkness of blue pixels corresponds with strength 

of corresponding connection. 

Input:     ABCDE         ABCDE          ABCDE           ABCDE           ABCDE          AB 
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The formation of this feedforward structure can also be seen by the evolution of the average feedforward 

block connection strength throughout training (Figure 3). This is measured as the average connection 

strength of the upper off-diagonal blocks of the trained matrix elements relative to the average connection 

strength of the entire network.  

 

Figure 3: Evolution of feedforward network blocks. This measures the average strength of the feedforward 
connections expected to develop via the training protocol relative to the mean network connection strength. 

 

3.3. Recalling Sequences  

 

Figure 4: Cue-triggered replay in the trained network. Cluster A is stimulated with a Poisson burst, the onset of which 
leads to a sequential reactivation of the trained sequence (at an accelerated timescale). 
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To test whether the network has learned the sequence correctly, similar to experiments, we provide the first 

item (‘A’) as a recall stimulus and test how good the network can complete the sequence. Because recalling 

is much faster than learning, we assume a separation of timescale and, thus, after training we freeze the 

synaptic strengths in the network and analyze only the activity dynamics. Recall of the sequence is triggered 

by the stimulation of the first element of the sequence, which results in a brief increase in overall network 

activity upon which the trained sequence ordering is superimposed (Figure 4). This occurs at a timescale 

independent of and typically more rapid than that of the original training protocol. 

We utilize a measure we refer to as the continuous transition probability to measure the quality and reliability 

of recalling the complete sequence. This measure pools the spike trains from each cluster, convolves them 

with a Gaussian kernel to produce a series of rate traces, detects local maxima in these traces, collates their 

ordering, and finally produces a matrix of transition probabilities shown in Figure 5.  

 

Figure 5: Continuous block-transition probability at different stages. 

Note that even in the non-cued condition, an above-chance transition propensity exists for the trained 

sequence. This indicates that the training process affects the structure of the spontaneous activity of the 

network in subtle and meaningful ways. We expect this to be important, as it is likely that the state of the 

spontaneous activity prior to a decision or planning of the next action will influence that action. In other 

words, if the spontaneous activity shows a bias towards a certain action (represented by a specific cluster of 

neurons), this should interact with the inputs and bias the dynamics towards this action. 
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4. Decoding of Sequences 
In advancing toward future goals, both directly and tangentially related to Plan4Act, we have been engaged 

in additional studies using a simpler, binary-neuron-based version of the model, as described in Hartmann et 

al. 2015. Two tasks have been undertaken as such. 

The first proof of concept task is the preliminary testing of potential decoding algorithms being developed at 

SDU for WP3. A multi-layer perceptron was selected for decoding. 

The simlified network was taught with two overlapping sequences, ABCD and ABEF. 536 trials have been 

done with 268 for each sequence resulting to a total of 2144 actions. Interestingly, 98% of the individual 

actions or elements have been classified correctly (Figure 6). However, only 75 % of the sequence predictions 

were correct (Figure 7). 

 

 

Figure 6: Classifier confusion matrix 

for individual sequence elements. 

 

 

 

 

Figure 7: Classifier confusion matrix 
for complete sequences. 
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The second proof of concept task using the simplified network model involves training the system on 

probabilistic relations between actions. For instance, after stimulus ‘A’ was presented, there is a probability 

of 80% that the next stimulus will also be an ‘A’, 10% that it will be ‘B’, and 10% that it will be ‘D’. In general, 

we considered a generalized 4-state (Markov) chain (ABCD) with multiple loops (Figure 8). Furthermore, we 

adapted the unregularity within these chains to test the networks performance with different levels of 

unrealibility of the stimulus transitions (high unregulairity yields a high variance value). 

 

Figure 8: Markov chains and their transition probabilities.  

The first results indicate that, after learning, the network has formed representations for each stimulus 

(similar to above) and that the probabilities of the transitions between these states are quite similar to the 

probabilities of transitions of corresponding stimuli (Figure 9). This means that the self-organizing dynamics 

of the network are able to form also sequences of actions with different transition probabilities. Thus, we 

expect that the system, similar to monkeys, will be able to learn a bias introduced during the learning protocol 

favoring, for instance, sequence ‘ABC’ compared to ‘ABD’. 

 

Figure 9: Performance of the network as a function of variance in the trained Markov chain. 

Low variance High variance 

Before Learning 
After Learning 
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5. Conclusions 
In accordance with the requirements of deliverable D2.1, we have developed a neural network model which 

produces neural-like spike data and which can learn and encode, in an unsupervised fashion, the ordering of 

a sequence of stimuli or actions. We have demonstrated that a start cue, in the form of stimulation of the 

first element of the sequence, elicits a replay of the sequence ordering. Furthermore, using a simplified 

version of the network model, we have also started to analyze the decoding of the sequence from the model 

spike data and trained the network to represent unreliable transitions between action sequences. 
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