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Abstract—Learning and processing sequential data constitutes

a universal form of computation performed by the brain.

Understanding the underlying principles does not only shed

light on brain function, but also guides the development of

energy efficient neuromorphic computing architectures. In a

previous study, we devised a spiking recurrent neural network,

the spiking temporal memory (spiking TM) model, implementing

this type of computation. It learns sequences in an online,

unsupervised manner by means of a local Hebbian synaptic

plasticity mechanism. Context specific predictions of upcoming

sequence elements are represented by dendritic action potentials.

Upon successful learning, the network activity is characterized

by a highly sparse and hence energy efficient code. To date,

the sequence learning capabilities of the spiking TM model

have only been demonstrated for small sequence sets. Here, we

systematically investigate the sequence learning capacity of the

model by gradually increasing the sequence length and optimizing

the plasticity (hyper-) parameters. We show that the spiking TM

model at the scale of a few thousand neurons can successfully

learn random sequences composed of several tens of elements,

with the maximum sequence length exceeding the vocabulary

size. After optimizing the plasticity parameters for a given

sequence length, the model exhibits high prediction performance

for a range of sequence lengths, without additional fine tuning.

The learning duration (time to solution) scales supralinearly

with the sequence length. Learning longer sequences is hence

computationally demanding, and requires accelerated computing

architectures.

Index Terms—spiking neuronal network, sequence learning

capacity, online learning, plasticity, dendritic action potentials

I. INTRODUCTION

One of the brain’s most important abilities is to learn
and process sequential data, whether in sensory perception,
movement generation, or language comprehension and pro-
duction. It relies on the capability to form context-dependent
predictions, detect anomalies in streams of input data, and
recall learned sequences of discrete items in response to a
cue [1]. Developing models that implement these types of
computation is an important step towards an understanding
of brain function and towards more intelligent and energy
efficient machines [2].

Several biologically plausible sequence learning models
have been introduced, which bring us closer to this goal [3]–
[6]. In particular, a recent model developed in [7] offers a
mechanistic explanation of how biological systems may learn
sequences. It builds on the Temporal Memory algorithm of
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the Hierarchical Temporal Memory (HTM) model [8], [9],
and implements it using spiking neurons with continuous-time
dynamics, without loss in performance. The model includes
several biologically inspired mechanisms, such as nonlinear
dendritic integration, Hebbian structural synaptic plasticity,
and homeostatic control. Upon repeated exposure to sequences
of stimuli, it forms sparse, context specific neuronal pathways
that encode these sequences, predict upcoming sequence el-
ements, signal anomalies, and replay learned sequences in
response to a cue signal [10].

The capacity of a sequence learning model can be under-
stood in terms of the complexity of the sequences it is able
to represent. A key marker of sequence complexity is the
recurrence of the same element in multiple, distinct temporal
contexts. Thus, a meaningful measure of capacity is the net-
work’s ability to assign different internal representations to the
same input depending on its preceding history. In a previous
work in [9] on the Hierarchical Temporal Memory (HTM)
model, capacity is defined as the number of distinct transitions
between subsequent elements in a sequence the network can
represent. This depends primarily on the network’s sparsity
and the number of input patterns each neuron can recognize
through its dendritic segments [11]. For a network comprising
approximately 65000 neurons and assuming a potential all-to-
all connectivity, they estimate a theoretical capacity of around
320000 transitions. The capacity limit derived in this study
is a theoretical limit based on combinatorical considerations,
i.e., on the number of possible connectivity patterns that
fulfill the requirements of the TM algorithm. This derivation
does not account for the plasticity dynamics, i.e., whether
all theoretically possible connectivity patterns can actually be
formed by the plasticity dynamics.

In this work, we build on the spiking TM model [7] and
explore its sequence learning capacity. To achieve successful
learning of complex sequences, we revise the model’s plas-
ticity mechanisms. By systematically increasing the sequence
length, we increase the likelihood of repeated elements, and
hence, sequence complexity. We evaluate to what extent and
how quickly sequences of different length can be learned.
Together, these analyses help clarify the trade-offs between
plasticity parameters, sequence structure, and learning effi-
ciency in spiking networks.

II. METHODS

A. Network model

In the following, we provide an overview of the network
model. A comprehensive mathematical description of the
individual model components, their dynamics, and param-
eters can be found at https://github.com/YounesBouhadjar/
SpikingTemporalMemory.

The network is organized into M = 26 subpopulations
(minicolumns), each consisting of nE = 240 excitatory neu-
rons (Ek, k = 1, . . . ,M ) and a single inhibitory neuron (Ik;
Fig. 1). Within each subpopulation, all excitatory neurons share
the same stimulus preference and reliably spike in response to

Fig. 1. Sketch of the network architecture. Populations: Ek: excitatory
populations. Ik: inhibitory populations. Xk: external inputs (k = 1, . . . ,M ).
Connectivity rules: Triangular arrow heads: excitatory connections. Circular
arrow heads: inhibitory connections. Solid lines: static connections. Dashed
lines: plastic connections. Kin: random connectivity with fixed indegree. !:
all-to-all connectivity. ¬M: multiple connections between two neurons not
permitted. ¬A: self-connections not permitted. Recurrent connections between
excitatory neurons (dashed) target distal dendritic branches and may trigger
dendritic action potentials (dAPs) signaling predictions. Connectivity parame-
ters: synaptic weights Jxy , spike transmission delays dxy (x, y ↑ {E, I,X}).
For details on the graphical notation, see [12]. A detailed mathematical
description of the model is provided at https://github.com/YounesBouhadjar/
SpikingTemporalMemory.

the presentation of the corresponding (suprathreshold) stimu-
lus (Xk). Excitatory neurons across the network are sparsely
and randomly connected, forming recurrent excitatory circuits.
Each inhibitory neuron receives inputs from its associated
excitatory neurons and projects back to them, thereby im-
plementing a local winner-take-all (WTA) competition that
promotes sparse activation of subpopulations (see below).

All neurons are modeled as point neurons with leaky
integrate-and-fire (LIF) dynamics. Connections between exci-
tatory neurons target distal dendritic branches, where synaptic
input currents are integrated in a nonlinear manner and gen-
erate dendritic action potentials (dAPs) if the total synaptic
input current on the dendritic branch exceeds a critical value.
These dAPs lead to a subthreshold plateau depolarization
of the soma lasting for several tens of milliseconds, and
thereby bring neurons into a more excitable state. In the
TM model, these plateau depolizations serve as “predictions”.
Upon arrival of the corresponding stimulus, predictive neurons
elicit a response spike with a shorter latency, as compared to
non-predictive neurons. If the number of predictive neurons
within a population exceeds the predefined pattern size ω,
the WTA mechanism is triggered, resulting in the selective
activation of only the predicted neurons at the presentation of
the respective stimulus. The resulting sparse subset of active
neurons represents a specific sequence element in its current
temporal context. Note that the “distal dendritic branches” are
modeled as distinct nonlinear input channels in a point neuron
model; we do not employ classical multicompartments models
here.

Synapses between excitatory neurons are plastic, under-
going structural spike-timing-dependent changes alongside a
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continuous synaptic leak. This form of structural plasticity
modulates the maturity of a synapse in a Hebbian manner.
The synaptic weight is zero, unless the maturity exeeds a
critical value. Through repeated presentation of a sequence, the
network effectively sculpts a sparse sequence-specific pathway
across the excitatory subnetwork. In this study, we introduce
several modifications to the plasticity mechanisms of the
original model. First, we remove the homeostatic mechanism
that controls the extent of synaptic potentiation based on the
dendritic activity of the postsynaptic neuron. This homeostatic
control was originally introduced to implement a competition
between sequences with overlapping elements. The success
of the mechanism, however, relied heavily on a tuning of
the homeostatic set point (the dendritic target activity) to the
specific task, reducing generality and biological plausibility.
Second, we introduce a slow, activity independent decay of
the synaptic maturity [13], [14]. This mechanism allows the
network to prune connections that were formed during early
learning but are no longer used, thereby freeing up synaptic
resources for acquiring new sequences. In addition to support-
ing continual learning, this synaptic decay is consistent with
experimental observations of synaptic turnover in biological
neurons [15], [16]. Finally, we introduce a depression that
depends on the relative timing of pre- and post-synaptic firing.
In the original spiking TM model, the synaptic maturity was
reduced by a fixed amount at each presynaptic spike. In
the original model, outgoing connections of frequently active
neurons, such as those representing common elements in a
sequence, experienced disproportionately strong depression,
thereby weakening their ability to predict subsequent sequence
elements. The revised mechanism removes this imbalance by
making synaptic depression context sensitive.

B. Training data and procedure

An input sequence of length C is constructed by randomly,
independently and uniformly drawing C elements from a
vocabulary of A = 26 unique tokens. As a result, the average
token multiplicity C/A, i.e., the average number of repetitions
of some sequence element, increases with sequence length
C and decreases with vocabulary size A. Recurring tokens
in complex sequences must be disambiguated based on the
temporal context alone. The network must learn to represent
identical input elements with distinct, sparse activation patterns
within the same subpopulation, depending on the history of
previously shown sequence elements. For a given vocabulary,
longer sequences therefore correspond to a greater sequence
complexity. Once generated, the sequence is presented to the
network one element at a time with a fixed inter-stimulus inter-
val !T . Each training epoch consists of a single sequence pre-
sentation, with a pause of !Tseq between successive epochs.
Throughout training, the spiking activity of all neurons in the
network is continuously recorded. To assess learning progress,
the training process is periodically paused for performance
evaluation. During this phase, the network is stimulated with
the target sequence, and both spiking activity and dendritic cur-
rents are recorded. The latter serve as indicators of prediction

within the network and are used for performance measurement
(see Sec. II-C). Details on the sequence model, the stimulation
procedure and related parameter values are provided at https:
//github.com/YounesBouhadjar/SpikingTemporalMemory.

C. Network performance estimation
To assess how well the network learns and predicts se-

quences, we follow a performance evaluation approach sim-
ilar to that described in [7]. The prediction performance is
evaluated based on dendritic action potentials (dAPs) recorded
during sequence presentation. For each element in the input
sequence, we monitor the dAP activity across all excitatory
subpopulations Ek within the time interval between the pre-
sentation of the current and the previous sequence element.
A subpopulation is considered predictive if at least ω/2 of its
neurons elicit a dAP, with ω denoting the pattern size. The
predictive state of the network for each presented element
of the sequence is encoded as a binary vector o → {0, 1}M ,
where ok = 1 if subpopulation k is predictive, and ok = 0
otherwise. This vector is compared to a binary target vector
v, which encodes the identity of the subpopulation receiving
the current input. The prediction error

ε =
1

C

√√√√
M∑

k=1

(ok ↑ vk)
2 (1)

is defined as the Euclidean distance between o and v,
normalized by the sequence length C. To further analyze
performance, we also monitor the false positive rate,

fp =
1

C

M∑

k=1

”(ok ↑ vk) , (2)

and the false negative rate,

fn =
1

C

M∑

k=1

”(vk ↑ ok) . (3)

Here, ”(·) denotes the Heaviside function. Predictive activity
in subpopulations not targeted by the current input contributes
to fp, while failure to predict the target subpopulation con-
tributes to fn.

In addition to the prediction performance, we also evaluate
the time to solution, which quantifies how quickly the network
is able to learn a given sequence. A model is considered to
have successfully learned the sequence once the prediction
error rate ε drops below a predefined success threshold ε→ =
0.1. The time to solution is reported as the number of required
learning episodes n→, as well as in form of the corresponding
biological time ϑ→, which accounts for the actual simulated
duration of the stimulus presentation and is given by

ϑ→ = n→(C!T +!Tseq), (4)

with inter-stimulus interval !T and inter-sequence interval
!Tseq defining the pause between successive epochs.

In the predictive mode, the dAP triggered plateau potentials
are subthreshold events and not directly visible to other neu-
rons. In nature, they can therefore hardly serve as a readout of
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the network’s predictions. However, correct sequence element
predictions can be decoded based on the context-specific
sparse patterns of somatic action potentials. In this study, we
extract the prediction performance directly from the dAPs to
simplify the performane evaluation and thereby speed up the
hyperparameter tuning.

D. Parameter optimization

To optimize the learning performance of the model for
sequences of a given length Copt, we adjust the plasticity
parameters of the model, specifically the potentiation rate
ϖ+, the depression rate ϖ↑, and the synaptic decay time
constant ϑP. To this end, we perform a grid search across the
space spanned by these parameters and identify the parameter
combination that minimizes the trial averaged prediction error
ε. The rates ϖ+ and ϖ↑ are varied between 0.01 and 0.8, while
ϑP is sampled from a range spanning 0.5 s to 80 s. This results
in a total of 1352 unique parameter combinations for each
optimization run. For each parameter combination, simulations
are repeated with three different random-number-generator
seeds to account for the variability in network initialization
and connectivity. Performances for the parameter optimization
are then assessed by averaging the error over these three trials.

E. Simulation details

The network simulations are performed in NEST [17]
version 3.6 [18]. The neuron and synapse models are for-
malized with the help of NESTML [19], [20] version 8.0.0
[21]. Network states are synchronously updated using exact
integration of the system dynamics on a discrete time grid
with step size !t = 0.1ms [22].

III. RESULTS

A. Sequence learning dynamics

Fig. 2 illustrates the evolution of the prediction error, the
false negative rate (fn), and the false positive rate (fp) over
the course of training for two sequences of different length.
At the beginning of the training, synapses between excitatory
neurons of sequentially activated subpopulations start to form
due to the structural Hebbian potentiation. This leads to a
rapid decrease in the fn rate, indicating that the network
begins to correctly predict upcoming elements. However, this
improvement comes at the cost of an increased fp rate, as
subpopulations not targeted by the current input also begin
to exhibit predictive activity. This effect arises because the
network has not yet developed the capacity to disambiguate
recurring elements appearing in different temporal contexts.
Consequently, fn and fp rates often display alternating behav-
ior, reflecting an ongoing competition. The learning curves,
particularly the fp rate, are therefore not strictly monotonic.
This non-trivial evolution highlights the complexity of the
learning process, where forming accurate, context-sensitive
representations requires multiple phases of refinement.

The examples shown in Fig. 2 already indicate that the time
to solution increases more than proportionally with sequence
length. While the fn rate typically drops rapidly, the fp rate
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Fig. 2. Sequence learning progress. Dependence of the prediction error ω
(solid black), the false positive rate fp (solid gray), and the false negative rate
fn (dashed gray) on the number of training epochs n for two different sequence
lengths C = 20 (A) and C = 60 (B). Plasticity parameters ε+ = 0.6,
ε→ = 0.1, ϑP = 80 s are optimized for a sequence length Copt = 40.

decays more slowly. A substantial portion of the training,
especially for longer sequences, is spent to remove inappro-
priate dendritic activity across the network. As the training
progresses, the model gradually carves out sparse and context-
specific pathways, eventually minimizing both fn and fp.

B. Sequence learning capacity

The results presented in Fig. 3 demonstrate that spiking
TM networks comprising few thousand neurons can learn
random sequences composed of several tens of elements. The
network successfully learns sequences whose lengths exceed
the vocabulary size, and can therefore cope with recurring
tokens within the input sequences.

After tuning the plasticity parameters for a given sequence
length Copt (Copt = 20 in Fig. 3A,C and Copt = 40 in
Fig. 3B,D), the network exhibits high prediction performance
for a broad range of sequence lengths near this reference
length. This finding aligns with the concept of “hyperparam-
eter transfer” [23]. Such transferability alleviates the need
for continuous fine-tuning when dealing with slightly varying
sequence lengths. Sequences that are shorter than the reference
sequence length Copt are typically learned more efficiently and
accurately, compared to sequences that are longer than Copt.
For instance, when the model parameters are optimized for
a sequence length Copt=20 (Fig. 3A), the network performs
well for sequence lengths ranging approximately between 10
and 40. Beyond this range, particularly for significantly longer
sequences, performance deteriorates. Moreover, the results
highlight that increasing the reference sequence length Copt
shifts the network’s optimal learning range towards larger
sequence lengths (Fig. 3B).

The time to solution, i.e., the time required to reduce
the prediction error below the success threshold ε→ = 0.1,
increases with the sequence length C in a supralinear manner
(Fig. 3C,D). For our choice of network parameters, learning
a sequence of length C = Copt = 40, for example, requires
n→ ↓ 130 presentations of the sequence, corresponding to a
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Fig. 3. Prediction performance and learning speed. Dependence of the
prediction error ω (A, B) and the time to solution n↑ (number of epochs; blue)
and ϑ↑ (total learning duration in seconds; yellow; C, D) on the sequence
length C. Plasticity parameters are optimized for sequence lengths Copt = 20
(A, C; ε+ = 0.6, ε→ = 0.8, ϑP = 50 s) and Copt = 40 (B, D; ε+ = 0.6,
ε→ = 0.1, ϑP = 80 s), respectively (vertical dotted lines). Symbols and error
bars represent mean and standard deviation across an ensemble of 5 different
network realizations. In C and D, only trials with prediction error smaller than
ω↑ = 0.1 (dashed horizontal lines in A, B) are used.

duration of ϑ→ ↓ 5min. Increasing the sequence length to
C = 100 results in a time to solution of n→ ↓ 940, i.e.,
ϑ→ ↓ 80min (Fig. 3D). From a biological perspective, these
numbers are certainly not unrealistically large. However, they
illustrate the practical challenge of systematically investigating
biological learning by means of simulation, and emphasize the
need for accelerated computing architectures [24]–[27].

IV. DISCUSSION

The present study shows that spiking neuronal networks rep-
resenting local cortical microcircuits at the submillimeter scale
can successfully learn complex sequences in an unsupervised,
online manner based on local synaptic plasticity mechanisms.
The maximum lengths of the sequences that are successfully
learned by the proposed model reach behaviorally relevant
numbers (such as the number of notes in a melody, or the
number of words in a poem). Clearly, these numbers need to be
set in relation to network parameters such as the total network
size, or here, the total number of excitatory neurons NE, and
the number of neurons representing a sequence element, the
pattern size ω. In the present study, these parameters are fixed
(NE = MnE = 6240, ω = 20). With larger networks or
smaller patterns, the network capacity certainly increases. We
dedicate a systematic investigation of the network capacity and
its dependence on network parameters to future studies.

Previous work suggests that the capacity of the TM model
should be substantially larger than what is observed here [9],
[11]. In these studies, however, the theoretical capacity limit is
derived purely based on combinatorial constraints, that is, on
the number of appropriate connectivity patterns that could be

realized given a set of network parameters without generating
errors. These considerations do not take into account whether
some learning scheme or plasticity mechanism can actually
form such connectivity patterns. Given the results of our
study, we conclude that the plasticity dynamics constitutes a
much more severe constraint on the sequence learning capacity
than the network or the pattern size. This is highlighted
by our observation that the time to solution increases with
the sequence length in a strong, supralinear manner. With
the given model and its specific type of plasticity, learning
longer sequences may potentially be possible, but becomes
very slow. Both from a Neuroscience and a Machine Learning
perspective, it is hence desirable to develop fast, accelerated
computing architectures which permit the learning of long
sequences [24]–[28]. It remains an open question to what
extent different plasticity mechanisms or network architectures
could speed up the learning process for longer sequences in
spiking neuronal networks.

The plasticity mechanism employed in this study is com-
posed of a spike-timing dependent contribution and a slow,
activity independent decay of the synaptic maturity, which can
easily be implemented in neuromorphic hardware [27], [29]–
[31]. The decay in synaptic maturity prunes connections that
are formed during early learning but are no longer needed
after learning. This mechanism frees synaptic resources and is
instrumental in achieving good learning performance. As an
unwanted side effect, however, it also slowly prunes functional
connections that have emerged after successful learning, unless
the network continues to be exposed to the learned sequences.
In future versions of the model, this “forgetting” could be
avoided by equipping the plasticity dynamics with a consol-
idation process that prevents the removal of strong, learned
connections, see [32] and [33] and references therein.

This study is based on randomly generated sequences where
tokens are independently drawn with identical probability.
With this setup, the sequence complexity can systematically be
varied by changing the sequence length. Natural sequences ex-
hibit more structure: tokens occur with different probabilities,
and consecutive elements are often correlated. This structure
in real-world sequences could be exploited by a hierarchical
network, where each level comprises a spiking TM model that
learns and processes sequences of sequences represented at
lower levels. We dedicate a more detailed investigation of the
sequence learning capacity of the spiking TM model for real-
world data to future studies.
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