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1. Overview 
In continuing the research and development of Work Package 2 (WP2) for 2018, we have achieved a 

deliverable with two notable components. 

The first class of components is the extension of the work on a theoretical model of simple sequences of 

actions from Deliverable 2.1 (D2.1) to complex, or branching sequences of actions. As specified in the DoW, 

such branching sequences serve as the fundamental basis of any planning process with multiple possible 

outcomes, which is the reason why proactive interfaces are desirable. We demonstrate that an unsupervised 

cortical fragment-like neural network model is capable of learning branching sequences, and then “deciding” 

on a branch upon receiving a cue instructing the network to recall the sequence. We examine, to the first 

order, the process of this recall, and the various modes in which it can succeed or fail. In the next step, this 

model will be used to support the selection, training, and testing of the classifier develop in WP3. 

The second class of components is an analysis of the distractor-robustness of rapid recall of learned simple 

linear sequences (which may be thought of as a fundamental part of the planning process). After training the 

network with linear sequences, we then trigger a recall while simultaneously “distracting” the network, and 

examine the results, in the process arriving at a framework describing the different varieties of distraction 

and their phenomenology. These results serve as first step in understanding the influence of diverse 

distractors on the execution and, thus, on the prediction of upcoming actions. 

In the following, we will summarize the different components and briefly discuss the links to other WPs of 

Plan4Act. In chapter 2 and 3, we will provide the relevant details of the performed work followed by some 

additional work (chapter 4). Finally, we summarize the here-presented work (chapter 5) and provide an 

outlook about the next WP2-relevant steps (chapter 6). 

1.1. Development and analysis of complex sequence learning and recall 

The deliverable D2.1 demonstrated the learning, recall, and decoding of simple linear sequences in a 

theoretical or computational model of neuronal and synaptic dynamics - that is, sequences with a limited 

number of elements, and that always present the same elements in the same order (e.g. A-B-C-D-E). We 

extend that development to the learning and recall of complex, or branching sequences (i.e. a sequence that 

sometimes goes A-B-C, and sometimes goes A-B-D), which form the basis of many planning and decision-

making processes. We find that our model neural network reliably learns these patterns, and upon a cued 

recall, tends to, on a per-trial basis, favor one or the other of the two branches (C or D), with a per-network-

instantiation bias (i.e. each randomly initialized and trained network tends to favor slightly either C or D). We 

speculate that larger, more complex networks might eliminate this bias, and note that this recall process can 

be considered from several perspectives, including Markov chain Monte Carlo and symmetry-breaking. 

1.2. Development and analysis of distractor-robustness of simple sequences 

As previously stated, the deliverable D2.1 demonstrated the learning, recall, and decoding of simple linear 

sequences. One of the eventual end goals of Plan4Act is to understand the noise- and distractor-robustness 

of the planning and decoding process. To this end, we presented a variety of distractors during cued rapid 

recall events (which may be considered to be tantamount to planning events). We analyzed the effects of 

these distractor signals, and were able to broadly classify two classes of distractors -- “relevant” distractors, 

against which the system is not  fully robust, and which frequently lead to disruption of the planning and / or 

decoding processes, and “irrelevant distractors,” which may add some noise to the system, but to which the 
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system is otherwise robust. We propose a simple set of rules to predict which class an arbitrary distractor 

falls in the case of our cued rapid recall regime. 

1.3. Link to other Work Packages 

1.3.1. Link to WP1 

We have continued to coordinate with WP1 in protocol design and linkage of our simplified model protocol 

to their primate experimental protocol (which is necessarily somewhat more complex). We also receive data 

from them and use this to inform the design and parameters of our model. 

1.3.2. Link to WP3 

We have provided WP3 with model data, as well as simulation scripts and parameter files so that they can 

produce their own simulated data for pre-training of the hardware decoder system. 
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2. Part I: Complex sequence learning and recall 

2.1. Network model 

The details of the model neural network and underlying reasoning is already described in D2.1. However, we 

review the key components in the following. The model is based on the SORN or Self-Organizing Recurrent 

Network framework (Lazar et al. 2009, Miner and Triesch 2016). Based on experimental data from literature 

(see Miner and Triesch, 2016), it consists of  balanced inhibitory and excitatory neuron populations which 

are sparsely, randomly, and recurrently connected. The neurons are conductance-based leaky integrate-and-

fire neurons with linear intrinsic firing threshold adaptation (Desai et al 1999). The excitatory recurrent 

synapses are endowed with learning signal-activated spike timing-dependent plasticity (STDP; Bi and Poo 

1998, Kempter et al. 1999), and a synaptic normalization mechanism by which their strengths are 

multiplicatively scaled so that the sum of incoming synapses to any neuron approaches a fixed target value 

(Turrigiano et al. 1998). Individual stimulus elements are randomly assigned to non-overlapping groups of 

neurons which are “tuned” to them. All elements of the simulation have been implemented in the Brian2 

(Stimberg et al. 2014) simulator package via the Python3 programming language. 

2.1.1. Neurons in the model 

As stated in the model summary, the neuronal dynamics are modelled as conductance-based leaky integrate-

and-fire, with an adaptive intrinsic firing threshold (Desai et al 1999), which follow the equations below: 

(1)  
𝑑𝑣

𝑑𝑡
=

𝑔𝑙𝑒𝑎𝑘(𝑣𝑟𝑒𝑠𝑡−𝑣)+𝑖𝑒𝑥𝑡+𝑖𝑠𝑦𝑛

𝑐𝑚𝑒𝑚𝑏𝑟𝑎𝑛𝑒
+

𝜎𝑛𝑜𝑖𝑠𝑒 𝜉

√𝜏𝑚𝑒𝑚𝑏𝑟𝑎𝑛𝑒
, 𝑖𝑠𝑦𝑛 = 𝑔𝑎𝑚𝑝𝑎(𝑒𝑎𝑚𝑝𝑎 − 𝑣) + 𝑔𝑔𝑎𝑏𝑎(𝑒𝑔𝑎𝑏𝑎 − 𝑣), 

(2)  
𝑑𝑔𝑎𝑚𝑝𝑎

𝑑𝑡
=

𝑔𝑎𝑚𝑝𝑎

𝜏𝑎𝑚𝑝𝑎
,

𝑑𝑔𝑔𝑎𝑏𝑎

𝑑𝑡
=

𝑔𝑔𝑎𝑏𝑎

𝜏𝑔𝑎𝑏𝑎
 , 

(3)  
𝑑𝑣𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑

𝑑𝑡
= −𝜂𝑑𝑒𝑐𝑎𝑦

𝑖𝑝
, 𝑣 > 𝑣𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 → [𝑣 = 𝑣𝑟𝑒𝑠𝑡 , 𝑣𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 = 𝑣𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 + 𝜂𝑠𝑝𝑖𝑘𝑒

𝑖𝑝
] . 

Equation Set 1 describes the voltage and current dynamics. Here, 𝑣 is the membrane voltage, 𝑔𝑙𝑒𝑎𝑘 is the 

leak conductance, 𝑖𝑒𝑥𝑡 and 𝑖𝑠𝑦𝑛 are the external and synaptic currents respectively, and 𝑐𝑚𝑒𝑚𝑏𝑟𝑎𝑛𝑒 is the 

membrane capacitance of the model neuron. The neuron includes an intrinsic Gaussian noise generator 𝜉, 

with 𝜎𝑛𝑜𝑖𝑠𝑒 being the noise variance and 𝜏𝑚𝑒𝑚𝑏𝑟𝑎𝑛𝑒 being the relevant timescale. [𝑔, 𝑒, 𝜏][𝑎𝑚𝑝𝑎,𝑔𝑎𝑏𝑎] are the 

conductance, reversal potential, and time constant for the ampa and gaba currents, respectively, the 

dynamics of which are given by Equation Set 2. The intrinsic firing threshold adaptation is described in 

Equation Set 3. 𝑣𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 is the firing threshold, and 𝜂
𝑑𝑒𝑐𝑎𝑦
𝑖𝑝

 is its decay rate, describing what happens in the 

absence of spikes. The condition in the second part of Equation Set 3 describes the spiking condition 

(𝑣 > 𝑣𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑). Given that this condition is fulfilled, thus a spike is generated, the membrane potential is 

set back to its resting value 𝑣𝑟𝑒𝑠𝑡  and the threshold is increased by the amount 𝜂
𝑠𝑝𝑖𝑘𝑒

𝑖𝑝
. This increase in the 

firing threshold implies a lower chance of generating a second spike directly after the first, controlling the 

average firing rate. 

Assuming the existence of a synaptic connection of strength 𝑤𝑖𝑗 from neuron 𝑖 to neuron 𝑗, the conductances 

of neuron 𝑗  are modified as 𝑔𝑎𝑚𝑝𝑎 = 𝑔𝑎𝑚𝑝𝑎 + 𝑤𝑖𝑗 in the case of an excitatory spike, and  𝑔𝑔𝑎𝑏𝑎 = 𝑔𝑔𝑎𝑏𝑎 +

𝑤𝑖𝑗 in the case of an inhibitory spike. 
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2.1.2. Synapses in the model 

In addition to simply acting as connections between neurons as described above, the synapses have their 

own dynamics triggered by synaptic plasticity. Synaptic plasticity is the basis of learning and (long-term) 

memory in neuronal systems. Namely, synapses exhibit spike timing-dependent plasticity (STDP), a process 

by which pre- and post-synaptic spike correlations lead to changes in synaptic strength (Bi and Poo 1998, 

Kempter et al. 1999), and synaptic normalization, a multiplicative process by which all incoming connections 

to a given neuron are scaled so that their sum approaches a constant target value (Turrigiano et al. 1998). 

The latter assures that the synaptic dynamics stay within a healthy regime. The dynamics of STDP are as 

follows in Equation Set 4. 

(4)  𝛥𝑤𝑖𝑗 = ∑ ∑ 𝑊𝐷(𝑡𝑗
𝑛 − 𝑡𝑖

𝑓
)

𝑁𝑛
𝑛=1

𝑁𝑓

𝑓=1
, with 

𝑊𝐷(𝑥) = 𝐴+𝑒𝑥𝑝 (
−𝑥

𝜏+
) if 𝑥 > 0, 𝑊𝐷(𝑥) = 𝐴−𝑒𝑥𝑝 (

−𝑥

𝜏−
) if 𝑥 < 0, 𝑊𝐷(𝑥) = 0 if 𝑥 = 0. 

Here, 𝑖 and 𝑗 are the pre- and post-synaptic indices, 𝑛 and 𝑓 are temporal indices, and [𝐴, 𝜏]+,− are the 

learning amplitudes and time constants for potentiation and depression, respectively. Despite the arbitrarily 

large sums, the time constants and average firing rates involved in our typical operating regime allow us to 

take a nearest-neighbor approximation in software implementation, significantly speeding up simulation 

time of this process. At the same time, upon each STDP-induced weight change, the synaptic normalization 

mechanism is executed, as defined below in Equation 5. Here, 𝑾𝑖  is the vector of incoming weights to neuron 

𝑖, 𝑁𝑖  is the length of that vector, and 𝑊𝑡𝑜𝑡𝑎𝑙 is the target value for the sum of incoming synaptic weights: 

(5) 𝑾𝑖  →  
𝑾𝑖𝑊𝑡𝑜𝑡𝑎𝑙

∑ 𝑤𝑖𝑗
𝑁𝑖
𝑗

⁄ . 

2.1.3. Network configuration and protocol 

We begin with a population of 𝑛𝐸 = 200 excitatory neurons with absolute refractory periods of 𝜏𝐸
𝑟𝑒𝑓𝑟𝑎𝑐

=

10 𝑚𝑠 and 𝑛𝐼 = 40inhibitory neurons with absolute refractory periods of 𝜏𝐼
𝑟𝑒𝑓𝑟𝑎𝑐

= 2 𝑚𝑠. We recurrently 

connect the excitatory pool (forbidding self-connections) and interconnect the inhibitory and excitatory pool 

(in both directions) with random sparse connections with 𝑝𝑐𝑜𝑛𝑛𝑒𝑐𝑡 = 0.2. Recurrent inhibitory connections 

are ignored. Recurrent excitatory connections are given an initial strength of 𝑤𝑖𝑗 = 0.5 𝑛𝑆, and all other 

connections are given an initial strength of 𝑤𝑖𝑗 = 1.0 𝑛𝑆. The rest of the shared simulation parameters follow 

in Table 1: 

𝑔𝑙𝑒𝑎𝑘 = 30 𝑛𝑆 𝑣𝑟𝑒𝑠𝑡 = −70 𝑚𝑉 𝑐𝑚𝑒𝑚𝑏𝑟𝑎𝑛𝑒 = 300 𝑝𝐹 𝜏𝑚𝑒𝑚𝑏𝑟𝑎𝑛𝑒 = 20 𝑚𝑠 

𝜏𝑎𝑚𝑝𝑎 = 2 𝑚𝑠 𝜏𝑔𝑎𝑏𝑎 = 5 𝑚𝑠 𝑒𝑎𝑚𝑝𝑎 = 0 𝑚𝑉 𝑒𝑔𝑎𝑏𝑎 = −85 𝑚𝑉 

𝜂𝑑𝑒𝑐𝑎𝑦
𝑖𝑝

= 0.2 
𝑚𝑉

𝑠𝑒𝑐𝑜𝑛𝑑
 𝜂𝑠𝑝𝑖𝑘𝑒

𝑖𝑝
= 0.066 𝑚𝑉 𝜎𝑛𝑜𝑖𝑠𝑒 = 1 𝑚𝑉 𝑊𝑡𝑜𝑡𝑎𝑙 = 20 𝑛𝑆 

𝐴+ = 0.05 𝑛𝑆 𝐴− = 0.05 𝑛𝑆 𝜏+ = 20 𝑚𝑠 𝜏− = 20 𝑚𝑠 

Table 1. Shared model simulation parameters. 
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The protocol consists of five different phases described in the following: 

Warm-up phase: Upon instantiation of a new network simulation, starting with the initialization of variables 

such as membrane potential to random values within their standard operating range, the learning signal is 

activated and network enters a 50 s “warm-up” phase during which the synaptic connections reach a steady 

drifting state. 

Training phase: Then the “training” phase occurs, during which the stimulus patterns, the network is meant 

to learn, are presented to the network repeatedly. To do this, the excitatory neurons in the network are 

randomly divided into 10 non-overlapping groups of 20 neurons each. The first 5 (or 4) of these groups form 

the elements of the learned sequence. Each group is strongly connected (20 nS) to a high rate (50 Hz) Poisson 

spike source. For each training block, each Poisson source is activated in order for a period of 100 ms, and 

then deactivated as the next one is activated. After all sources have been activated in sequence, a 500 ms 

rest period occurs before the next training block. The entire training process lasts 50 s. 

Relaxation phase: After this, the learning signal is deactivated and the trained network enters a “relaxation” 

period of stable spontaneous activity. This allows the adaptive firing thresholds and the spontaneous activity 

patterns to re-equilibrate. 

Testing phase: Then begins the “testing” phase, during which cued rapid pattern recalls are triggered 

repeatedly, along with the presentation of any other relevant experimental signal. To trigger the recall, the 

first trained group is reconnected to its 50 Hz Poisson spike source for 100 ms. As well, any relevant 

experimental signal is applied. This continues twice per second for 100 s. 

Control phase: Finally, a “control” phase follows, during which the same cued rapid pattern recalls are 

induced, minus any additional experimental signals from the testing phase. 

 

2.2. Complex sequences learning and recall 

Complex sequences are taken to mean sequences with multiple possible paths. Here we use a simple example 

-- a sequence that sometimes proceeds as A-B-C and sometimes proceeds as A-B-D. 

2.2.1. Complex sequence learning 

As previously stated, each stimulus element has a group of neurons assigned or “tuned” to it. The training 

process consists of the repeated presentation (i.e. stimulation of the appropriate neuron group at the correct 

time) of either sequence variant (i.e. A-B-C or A-B-D). An example of this training process is shown below, in 

Figure 1. 
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Figure 1. Spiking activity of the model network during complex sequence training A (red), B (green), C (blue), or 

D (purple). Each dot represents a spike of the corresponding neuron at the specific point in time. 

2.2.2. Complex sequence recall and decision-making 

After the training phase is finished and the learning signal is deactivated, the network maintains a stable 

internal representation of the sequence (based on the synaptic changes). Upon stimulation of element A 

(red in Figure 2), the sequence is rapidly recalled. The recall speed is independent of the training speed, and 

occurs on the timescale of milliseconds to tens of milliseconds. This rapid recall can be considered 

analogous to the formation of a plan, which is then passed onto other brain areas for execution at a 

physically reasonable speed. This is shown below in Figure 2. 

 
Figure 2. Spiking activity of the model network during rapid recall of a complex sequence. 
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Notice that one of the branched sequence elements (in this case, element C, blue box, which is tuned with 

neurons 61-80) is more sharply then the other (D, purple box). We consider this sharp replay to be a form of 

symmetry-breaking between representations of C and D, and the basis of decision-making in this simple 

model. 

2.3. Readout and analysis of complex sequences 

We adopt a relatively simple readout method to analyze the behavior of complex sequences here (saving 

complex and perhaps more informative readouts for WP3). Our readout process is as follows, and concerns 

itself only with the primary learned representations of sequences, and not with any higher order structure 

within the network or its activity. First, we pool the spiking activity from each tuned group of neurons, 

producing a bulk group spike train for each stimulus element. Please note that for this analysis, we need to 

know which neurons are part of a representation, which is not given for experimental data. Then we convolve 

these spike trains with 2 ms Gaussian kernels, producing firing rate traces. Peak detection algorithms (using 

the PeakUtils Python module) are run on these traces, and the amplitudes and locations of local maxima are 

noted. 

Then, the entire testing phase is scanned. Within a short window around each cue (-10 ms to +25 ms), we: 

● ensure each trace has a local maximum, and if not, label that trial “err” (recall condition), 

● ensure that peak B follows peak A, and if not, label that trial “nb” (sequence condition), 

● ensure that peaks C and D follow peak B, and if not, label that trial “ncd” (sequence condition), 

● take whichever peak between C and D has a higher amplitude, and label the trial accordingly with 

”c” or ”d” (decision condition). 

Pooling the data from ten network instantiations with two hundred trials each yields the results shown in 

Figure 3. 

 
Figure 3. Example decision counts from ten pooled network instantiations. 

co
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d nb c ncd err 
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We note that about 20% of trials result in a failed decision process (the sum of nb-, ncd-, and err-cases), but 

beyond this, the decisions (recall-triggered activation of the C or D representations) are approximately evenly 

distributed (c- compared to d-cases). If we examine the “strength” of the decision (based on the difference 

in peak rates for C and D in successful decisions), we see a further division, that only about half of the 

decisions could be considered “strong” (i.e. more than a couple in firng rate difference), see Figure 4. This is 

generally due to high firing rates in the un-chosen group rather than low rates in both groups. This could 

indicate that the usage of classifiers based on firing rate information only can have in several trials problems 

to indicate the correct decision (see D3.1 for more details on classifier performances given experimental 

data). Thus, more complex classifiers, which take further information into account, could be required to reach 

a very high level of accuracy. 

The decision-making process here can be considered analogous to a symmetry-breaking process, by which a 

system passes from one state (A) to another (B) through an unstable equilibrium or saddle point and falls, so 

to speak, on one side or the other (C versus D). Simplified variants of this network model (Hartmann et al. 

2015, Michaelis et al. 2019) have demonstrated state-transition dynamics consistent with a Markov Chain 

Monte Carlo (MCMC) process, which is another well-known framework for examining probabilistic processes 

which could be considered analogous to decision-making. We can clearly see that we have a well-functioning 

model of a simple planning-like process here, which we will continue to refine in order to make it more robust 

and reliable, and to which we will in the coming year apply the distraction measures outlined in the following 

section. 

 
Figure 4. Example decision strengths from ten pooled network instantiations (successful decisions only). 
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3. Part II: Distractor-robustness of simple sequences 

One of the goals of the Plan4Act project is to understand the effects of distraction on planning, and on 

decoding of that planning. To that end, we utilize the rapid recall behavior of trained simple sequences in our 

network model to being to study these effects. 

3.1. Simple sequence learning, recall, and distraction 

3.1.1. Simple sequence learning: 
The training process for simple sequences is identical to that for complex sequences, except that we always 

present the same five element sequence A-B-C-D-E, as seen in Figure 5 below. 

 
Figure 5. Spiking activity of the model network during simple sequence training (A: blue; B: orange; C: green; D: red; 

E: purple). 

 

3.1.2. Simple sequence recall in the control condition 
The control condition, or undistracted recall, is simply the rapid recall of the learned sequence triggered by 

activation of the first sequence element (see D2.1 for more details). Similar to the simple readout for complex 

sequences, the spike trains for each neuron group are pooled and convolved with a 2 ms Gaussian to produce 

population rate traces. Peak detection (using the Python module PeakUtils) is then performed in a short 

window around the recall cue (-10 ms to +25 ms), and the positions of the peaks are histogrammed. An 

example spike raster is shown in Figure 6, and the control condition peak time histogram is shown in Figure 7. 

Successful replays and readouts occur with a rate above 0.95. Please note that the overlaps in the histogram 

mainly emerge from trial-by-trial variabilities in replay timings. 
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Figure 6. Spike raster plot during the unperturpated recall of the simple sequence learned as in Figure 5.  

 

 
 

Figure 7. Simple sequence control condition histogram, normalized to counts per second. 

 

3.1.3. Distracted simple sequence recall 
We consider in the following four different varieties of a distractor at four different times in the recall process. 

The four varieties are an artificial reactivation of a specific group of neurons: the group encoding the first 

element of the sequence (A or “dist 1”), the middle group (C or “dist 3”), the ending group (E or “dist 5”), and 

a group of neurons which do not encode any element of the sequence (an external group or distractor, or 

co
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n
ts

 

Time after recall stimulus (sec) 
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“dist ext”). As the rapid recall process occurs over a timescale of 5-10 ms (Figure 7), the temporal offset of 

the distractors were (relative to the recall cue), 0, 1, 2, and 3 ms. For instance, a distractor dist 3 at time 2 ms 

means that during the recall process the neurons encoding element C are artificially activated 2 ms after 

presenting the recall cue. The results over 5 trials per each of the 16 conditions were collated the same way 

the control condition was, and are shown in Figure 8. 

 

 
 

Figure 8. Histograms, similar to Figure 7, of the distracted simple sequences, normalized to counts per second. 

 

3.2. Analysis of distractor-robustness 

In order to qualitatively understand the effects of the different types of distractors, we must first understand 

the control condition. Given the distribution of peak times in Figure 7, the fraction of correct trials is 0.96. 

We can see immediately that replay is fairly reliable, with timing variances increasing slightly with each 

subsequent sequence element.  

Comparing this with the array of distracted conditions in Figure 8, we observe two distinct types of distractor 

phenomena, which we refer to as “relevant” and “irrelevant” distractors. Relevant distractors are those that 

tend to disrupt the replay order or successful replay of a sequence (e.g., dist 5, 0 ms), while irrelevant 

distractors are those that tend to merely add noise to a successful replay (e.g., dist 1, 2 ms). Examining 

Figure 8, we are able to make the following observations: 

● All internal (i.e. corresponding to trained stimuli) distractors presented early relative to their 

“natural” replay time tend to be relevant distractors; 

● All external (i.e. not corresponding to trained stimuli) distractors, and internal distractors presented 

late relative to their “natural” replay time tend to be irrelevant distractors. 
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Certain aspects of these effects have been known at the extreme end of the rapid replay regime (i.e. synfire 

chains) for some time (Gerstner et al. 1993), but this is a partial result from a different perspective, and 

overall, the subject of distracted recall has remained widely unstudied at the network level. 

To further quantify this effect, we developed two measures of distraction: the deviance index and the 

disruption index. The deviance index 𝐼𝑑𝑒𝑣𝑖𝑎𝑛𝑐𝑒 is based on the simple difference between mean peak times 

for the control condition, and peak times for the experimental condition. As such, it is designed to emphasize 

the overall deviation from the control condition, and is defined as follows in Equation 6: 

(6) 𝐼𝑑𝑒𝑣𝑖𝑎𝑛𝑐𝑒 = (∑
𝑡𝑛−𝜇𝑛

√𝜎𝑛

𝑁𝑒𝑙𝑒
𝑛=1 ) /(𝑁𝑒𝑙𝑒). 

Here, 𝑁𝑒𝑙𝑒 = 5 is the number of sequence elements, 𝑡𝑛 is the peak time of element 𝑛 for each trial with 

distractor, 𝜇𝑛 is the mean peak time of element 𝑛 in the control condition, and 𝜎𝑛 is the variance of the 

distribution of peak times for element 𝑛 in the control condition. 

The disruption index 𝐼𝑑𝑖𝑠𝑟𝑢𝑝𝑡𝑖𝑜𝑛 is based on the differences in times between subsequent sequence elements 

(comparing this set of differences for each experimental trial and for the control condition). As such, it is 

designed to emphasize relative rather than absolute disruption of sequence recall. The variable definitions 

are the same as for 𝐼𝑑𝑒𝑣𝑖𝑎𝑛𝑐𝑒, and it is defined in Equation 7 as follows: 

(7) 𝐼𝑑𝑖𝑠𝑟𝑢𝑝𝑡𝑖𝑜𝑛 = (∑
(𝑡𝑛+1−𝑡𝑛)−(𝜇𝑛+1−𝜇𝑛)

√𝜎𝑛

𝑁𝑒𝑙𝑒
𝑛=1 ) /(𝑁𝑒𝑙𝑒 − 1). 

We present below the arrays of disruption and deviance index values for the various experimental conditions 

(Figure 9). 

   
 

Figure 9. Disruption and deviance index for different types of distractors. 

We observe, immediately, that the external distractor (i.e. dist ext) leads to a minimal disruption and 

deviance compared to other types of distractors. We note as well that any distractor (with the exception of 

dist 1, i.e. the starting distractor) presented near the end of the replay also has a relatively low disruption 
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and deviance. Conversely, we see that the strongest effects come from the distractors at the middle (dist 3) 

or end (dist 5) positions of the sequence, and that said effects are strongest when the distractors are 

presented at the same time as the recall cue. This further confirms our initial evaluations and subsequent 

predictions regarding what kind of distractors are "relevant" and "irrelevant." 

We wish to briefly consider what phenomenology leads to these results. We first will discuss the case of the 

so-called irrelevant distractors, as it is relatively straightforward to consider its phenomenology. By 

introducing additional activity into the network (by the irrelevant distractor) that is uncorrelated in a 

meaningful way with the recall process, the distractor and its reverberations add noise to the process, which 

can affect timing and readout precision. 

The case of the so-called relevant distractors is more complex -- what network phenomena make it so 

disruptive to the replay process? When a group of similarly-tuned trained neurons is simultaneously 

activated, several things happen. First of all, a brief refractory period exists for the fired neurons, preventing 

immediate reactivation. On a slightly longer timescale, several mechanisms conspire to continue to prevent 

rapid reactivation of the neuron group in question, including inhibitory activation and the raising of the 

neurons’ firing threshold via intrinsic plasticity (see Equation 3). At the same time, after sufficient conduction 

and integration time, if the activation has been strong enough, the next group of neurons in the trained 

sequence activates as activity propagates through the network. When untrained neurons are activated as a 

distractor, this does not tend to activate (via secondary pathways) a trained group with sufficient coherency 

for these things to occur. Similarly, when a trained group of neurons is stimulated when it is already in the 

described post-activation state (i.e. late and out-of-sequence), its recurrent self-excitation and tendency to 

propagate activity is highly suppressed. On the other hand, if a group is stimulated early and out-of-sequence, 

it tends to induce all the described effects, disrupting any sequence replay that was already occurring or 

about to occur. 

In summary, our results show that different types of distractors and their properties (here their offset 

according to the recall cue) have different levels of influence on the ability to recall a sequence of actions. 

Namely, we can predict which type of distractors become behaviorally relevant or irrelevant. This prediction 

has to be verified experimentally together with the partner DPZ. Furthermore, the question arises how a 

classifier can reliable predict the upcoming actions despite such distractors which can naturally arise in a real-

world scenario as a smart house. In such a smart house environment these distractors can be unexpected 

changes of, e.g., light conditions or the opening of doors by other persons. 
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4. Additional work 
In addition to the central research line, we have explored more general sequence learning methods. Thereby, 

we considered that each synapse has to maximize the transfer entropy (TE) of the activities of its pre- and 

postsynaptic neuron. In general, transfer entropy measures the amount of information transferred or 

transmitted from one (random) process to another. In our case, these (random) processes are the spiking 

dynamics of the corresponding neurons. The application of this principle leads to a local Hebbian-like learning 

rule (in principle similar to the one used above) with a regularization term that punishes synapses that only 

provide information that is redundantly encoded in other neural inputs (this part of synaptic dynamics can 

be associated to the normalization term used above). This results in synapses being strengthened only if the 

presynaptic input increases the ability of the neuron to predict the postsynaptic activity, which induces a local 

competition between synapses and results in an overall sparse connectivity and neural codes that extract 

most salient features from the input spike trains. 

Given this framework, we tested whether a recurrent network is able to learn representations of complex 

sequences. In this paradigm, each symbol (A, B, C, or D) represented a 100 ms stimulus to an input layer (see 

Figure 9). The network was trained by presenting 10 sequences of each class while learning with the TE-based 

learning rule. Interestingly, it was observed that the majority of neurons in the recurrent pool, or hidden 

layer, responded to patterns C or D (see Figure 10). These patterns appear in only half of the input sequences 

(whereas patterns A and B appear in all). Furthermore, transitions from B to C or D are not predictable in this 

paradigm, so that these patterns contain the highest entropy (i.e. the highest level of surprise) in the input 

statistics. The emergent representations reflect the increased entropy by recruiting the largest number of 

neurons for these patterns. In other words, this general paradigm leads to the learning of representations of 

the complex sequence (as in chapter 2) but with the size of the representations (number of tuned neurons) 

dependent on the statistics of the stimulus and not being predefined as in the model presented above. As 

previous studies show (e.g., Tetzlaff et al., 2015), the size of representations could be an important parameter 

of the encoding of actions in neural systems. We will continue this branch of work and compare to 

experimental results obtained by our partner DPZ. 

 
Figure 10. Emergence of task-dependent neural codes through TE-learning: Trial-averaged, sorted, evoked network 

activity for sequences ABC and ABD. 
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5. Summary 
We have continued to develop and analyze the neural network model with a two-pronged approach. First, 

we have extended the learning of simple sequences to complex sequences, confirmed that they can be 

learned, and confirmed that decisions or plans, as such, can be fairly reliably executed within the model, 

alongside the performance of preliminary analyses of the results of these decision-making or path-planning 

processes. We have as well confirmed that simple decoding of these decisions and plans can be achieved. At 

the same time, we have introduced distractors into the simple sequence paradigm, analyzed the effects of 

these distractors, and used the results of this analysis to divide distractors into two general classes, and 

predict what variety of distractor, based on its properties, will fall into each class. 

 

6. Future work 
The simple sequence work is, for all intents and purposes, finished to the degree that the project requires it, 

though we may continue to make additional refinements, particularly regarding timescale. We will be 

providing WP3 (SDU) with data from the non-destructive (irrelevant) distraction conditions so that they can 

make their classifiers or decoders more robust to this type of noise. For the complex sequences, we will 

continue to refine the model to provide more reliably strong decisions, and as well introduce distractors into 

the complex sequence scenario. Parallel to this, we will begin to study proactive and predictive decoding 

possibilities for the complex decision model, in the hope that the groundwork for the ultimate proactive 

decoding goal of Plan4Act is laid. 

  



Page 18 of 18 
 

7. Bibliography 
Lazar, A., Pipa, G., & Triesch, J. (2009). SORN: a self-organizing recurrent neural network. Frontiers in 

Computational Neuroscience, 3, 1–9. https://doi.org/10.3389/neuro.10.023.2009 

Miner, D., & Triesch, J. (2016). Plasticity-driven self-organization under topological constraints accounts for 

non-random features of cortical synaptic wiring. PLoS Computational Biology, 12(2), 027268. 

https://doi.org/10.1371/journal.pcbi.1004759 

Desai, N. S., Rutherford, L. C., & Turrigiano, G. G. (1999). Plasticity in the intrinsic excitability of cortical 

pyramidal neurons. Nature Neuroscience, 2(6), 515–20. https://doi.org/10.1038/9165 

Bi, G. Q., & Poo, M. M. (1998). Synaptic modifications in cultured hippocampal neurons: dependence on spike 

timing, synaptic strength, and postsynaptic cell type. Journal of Neuroscience, 18(24), 10464–10472. 

http://www.ncbi.nlm.nih.gov/pubmed/9852584 

Kempter, R., Gerstner, W., & van Hemmen, J. L. (1999). Hebbian learning and spiking neurons. Physical 

Review E, 59(4), 4498–4514. https://doi.org/10.1103/PhysRevE.59.4498 

Turrigiano, G. G., Leslie, K. R., Desai, N. S., Rutherford, L. C., & Nelson, S. B. (1998). Activity-dependent scaling 

of quantal amplitude in neocortical neurons. Nature, 391(6670), 892–896. https://doi.org/10.1038/36103 

Stimberg, M., Goodman, D. F. M., Benichoux, V., & Brette, R. (2014). Equation-oriented specification of neural 

models for simulations. Frontiers in Neuroinformatics, 8, 1–14. https://doi.org/10.3389/fninf.2014.00006 

Hartmann, C., Lazar, A., Nessler, B., & Triesch, J. (2015). Where’s the Noise? Key Features of Spontaneous 

Activity and Neural Variability Arise through Learning in a Deterministic Network. PLOS Computational 

Biology, 11(12), e1004640. https://doi.org/10.1371/journal.pcbi.1004640 

Michaelis, C., Miner, D., & Tetzlaff, C. (2019). Does intrinsic plasticity prefer regularity? A Markov chain Monte 

Carlo perspective on a self-organizing recurrent neural network. In preparation. 

Gerstner, W., Ritz, R., & van Hemmen, J. L. (1993). Why spikes? Hebbian learning and retrieval of time-

resolved excitation patterns. Biological Cybernetics, 69(5–6), 503–515. https://doi.org/10.1007/BF00199450 

Tetzlaff, C., Dasgupta, S., Kulvicius, T., & Wörgötter, F. (2015). The use of Hebbian cell assemblies for 

nonlinear computation. Scientific Reports, 5, 12866. https://doi.org/10.1038/srep12866  

 

https://doi.org/10.3389/neuro.10.023.2009
https://doi.org/10.1371/journal.pcbi.1004759
https://doi.org/10.1038/9165
http://www.ncbi.nlm.nih.gov/pubmed/9852584
https://doi.org/10.1103/PhysRevE.59.4498
https://doi.org/10.1038/36103
https://doi.org/10.3389/fninf.2014.00006
https://doi.org/10.1371/journal.pcbi.1004640
https://doi.org/10.1007/BF00199450
https://doi.org/10.1038/srep12866

